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Preface

The papers presented within this volume represent current work in the exciting
area of user modeling — an area that promises much to a range of economic and
socially beneficial activities. The potential is enormous, and the applications
of the technologies that have been developed are increasingly ambitious and
relevant to the needs of the 21st century. The editors hope you enjoy, and benefit
from, reading the papers within these proceedings.

The International User Modeling Conferences represent the central forum for
the discussion and presentation of research and industry results in the develop-
ment of personalized systems, as well as basic research about personalization. In
the last 25 years, the field of user modeling has produced significant new theo-
ries and methods to analyze and model computer users in short- and long-term
interactions. Moreover, methods for personalizing human-computer interaction
based on user models have been successfully developed, applied and evaluated in
a number of domains, such as information filtering, e-commerce, adaptive nat-
ural language and adaptive educational systems. New user modeling topics are
emerging, including adaptation to user attitudes and affective states, personal-
ized interaction in mobile, ubiquitous and context-aware computing and in user
interactions with embodied autonomous agents. User modeling research is be-
ing influenced by different fields, such as artificial intelligence, human-computer
interaction, cognitive psychology, linguistics and education, as well as by newly
emerging links with Customer Relationship Management and technologies for
communication on the Web, such as Web Services and the Semantic Web.

The 10th International Conference on User Modeling (UM 2005), held in
Edinburgh, Scotland, UK, on 24-29 July, 2005, is the latest in a conference se-
ries begun in 1986, and follows recent meetings in Johnstown (2003), Sonthofen
(2001), Banff (1999), Sardinia (1997), Hawaii (1996) and Cape Cod (1994). UM
2005 included 3 invited lectures, 33 full paper presentations, 30 poster presenta-
tions, 12 Doctoral Consortium presentations, 9 workshops and 2 tutorials. The
conference received 139 paper submissions and 21 poster submissions with a 23%
full paper acceptance rate, which is in line with previous UM conferences and
guaranteed a high-quality program. The conference had a strongly international
flavor — as indicated by the distribution of accepted papers (posters): Europe
14 (16), North America 12 (11), Australia/New Zealand 3 (0), Asia 4 (0), South
America 0 (3). There were also 42 Doctoral Consortium submissions.

This volume includes the abstracts of the invited lectures and the texts of
the papers, posters and Doctoral Consortium articles selected for presentation in
the main conference program, which was enriched by the following joint events:

Tutorials:

Creating Adaptive Web-Based Applications, by Paul De Bra, Computer Science
Department, Eindhoven University of Technology



VI Preface

Adaptable Interfaces Through Recommender Systems, by John Riedl, Univer-
sity of Minnesota

Workshops:

W1: Adapting the Interaction Style to Affective Factors, organized by Sandra
Carberry and Fiorella de Rosis

W2: Decentralized, Agent-Based and Social Approaches to User Modeling
(DASUM), organized by Julita Vassileva and Peter Dolog

W3: Evaluation of Adaptive Systems (EAS), organized by Stephan Weibelzahl,
Alexandros Paramythis and Judith Masthoff

W4: Machine Learning for User Modeling: Challenges, organized by
Colin de la Higuera

W5: PROLEARN: Personalized Adaptive Technologies for Professional Train-
ing, organized by Marcus Specht

W6: Personalisation for eHealth, organized by Floriana Grasso, Silvana Quaglini,
Cecile Paris, Alison Cawsey and Ross Wilkinson

WT7: Personalized Information Access, organized by Peter Brusilovsky,
Andreas Nuernberger and Charles Callaway

WS8: Personalization on the Semantic Web (PerSWeb), organized by Lora Aroyo,
Vania Dimitrova and Judy Kay

W9: Privacy-Enhanced Personalization, organized by Alfred Kobsa and
Lorrie Cranor

UM 2005 was hosted by Heriot-Watt University under the auspices of User
Modeling, Inc. Sponsors included Universitd di Torino, the University of Can-
terbury, the University of Glasgow, Heriot-Watt University, the University of
Edinburgh, Leeds University, the University of Delaware, York University and
Robert Gordon University. We are especially thankful for the sponsorship of
Microsoft Research, Springer GmbH, which provided support for the Best Paper
award, and the James Chen family for sponsoring the Best Student Paper awards.

We would like to thank all the members of the Program Committee, who
supported us in the selection of papers and who provided insightful comments
to help the authors improve their contributions. Many thanks to the additional
reviewers, acknowledged in this volume, who supported the Program Committee
members with their revision work. We would especially like to thank Alison
Cawsey, Vania Dimitrova, Kathleen McCoy, Kalina Bontcheva, Jon Oberlander,
Daniel Kudenko, Ayse Goker, Nicolas Van Labeke and Helen Pain. Also, many
thanks to Brent Martin for his help with CyberChair, Paul Irvine for his superb
graphics skills and his excellent designs for the conference, and Jon Lewin for
his Acrobat skills, and all those persons, including the authors, who gave their
time to make the event a success and these proceedings a reality.

May 2005 Liliana Ardissono, Universita di Torino, Italy
Paul Brna, University of Glasgow, UK
Tanja Mitrovic, University of Canterbury, New Zealand
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User Modeling Meets Usability Goals

Anthony Jameson™

German Research Center for Artificial Intelligence (DFKI)
and International University in Germany,
Stuhlsatzenhausweg 3, 66123 Saarbriicken,
Germany
jameson@dfki.de
http://dfki.de/~jameson

It has long been recognized that systems based on user modeling and adaptivity are
associated with a number of typical usability problems—which sometimes outweigh
the benefits of adaptation. This talk will show that the anticipation and prevention
of usability side effects should form an essential part of the iterative design of user-
adaptive systems, just as the consideration of medical side effects plays a key role in
the development of new medications. This strategy requires a comprehensive under-
standing of the reasons for typical usability problems and of strategies for preventing
them.

Figure 1 (adapted from [1]) summarizes and integrates a number of the relevant
ideas and results. The generally desirable Usability Goals shown in the third column are
often threatened by the Typical Properties of user-adaptive systems shown in the second
column. Each of the Preventive Measures may be able to modify a typical property so as
to reduce its negative impact on usability. The Compensatory Measures can increase the
likelihood that the usability goals are fulfilled even if the threats created by the typical
properties cannot be fully prevented.

In terms of this schema, the overall goal is to ensure an adequate fulfillment of
the usability goals without eliminating the benefits of adaptivity. As the figure shows,
there are also trade-offs among the usability goals themselves: A measure introduced to
reduce one usability problem may aggravate another one.

Another complication is that the design solution that yields the best overall balance
may differ sharply from one user or situation to the next. For this reason, the problem of
finding the best balance itself often requires some form of adaptability and/or adaptivity
(for example, so that different forms of user control can be realized for different users
and situations).

Ways of dealing with usability challenges within this framework will be illustrated
in the talk with case studies and examples from recent and current research and practice

(see, e.g., [2]).

* The research of the author has been supported by the German Science Foundation (DFG) in
its Collaborative Research Center on Resource-Adaptive Cognitive Processes, SFB 378, and
by the German Ministry of Education and Research (BMBF).

L. Ardissono, P. Brna, and A. Mitrovic (Eds.): UM 2005, LNAI 3538, pp. 1-3, 2005.
(© Springer-Verlag Berlin Heidelberg 2005



A. Jameson

2

Rusionp
@onpoujul Ajjeuonusiuj

sainseaw
uonoajoid—Aoeaud
|esauab Ajddy

JON3Id3dX3 40 HLAv3dg

syse} 8y} wiopad

Aoenud
yoddns ey spoyiow
uonisinboe ejep asn

ADVAIHd

suoneldepe
Jo AjjiqeAsasqo
10J3U0D 0} 1), MO||Y

sasealoul wo:wﬁmac‘_oo se
‘Allenpelb § 0} |03u0d JIYS

SSANIAISNHLEIONN

1X8)u0d
puUe SalAOe S 1), O}
sebessaw jo Buiwi ydepy

(j]epow Jasn Buipnjour)
JoineYS( S S [0J]UOD Jey}
sJajoweled 18s 0} 1), MO||Y

|enoidde
10} 12, 0} suonoe JWQnsg

uonelado Jo 8pow |[BIBAQ ‘€
[epOW J8sn 4O Jusluo) g
sioieyaq o1oads |

ALMIGYTI0OHLNOD

suonoe s§ urejdx3

|opow Jasn Jo
uonoadsul mojy

9ous}adwod |[elanQ ‘e

SySBIgNS 0110ads Je SS800NS g
\| sesuodsa. pue jnoke| Joex3 *|

ALNIFISNIHIHdINOD
ANV ALINIGVYLO1d3dd

sainseay\
Aiojesuadwo)

s|eoyn
Aungesn

1, Wwoly
= — - 0} SOlIUNYOddo
3Iom Jo Jano Bupe 1, oneon
1) Inoge uolew.ojul
UOIBWIOJUI JO S |~ — - JO UOIISINDOE NOIdWI
Aq uonisinboe yoidw) noge 1), wioyu|
uoneldepe jo
fungensesqo onand [+ T 7]
uonyeidepe 1oy 9|qISEd) SI SB
UOIJeWIOjU] JUBAD|D) |-ws — —| UOIJBWIOUI JUBAS|SI
Jo ssauaje|dwoou] yonw se alinboy
Ajgreinooe
o MWMNMMMWM: s — —| 90UB}OdWOO }s966NS
y Uiy 0} § Jo abew| yei)
sass9204d UOISIOBP
pue aouaiajul - — senbiuloa)

o Auxa|dwon

Bujepow sidwis asn

saiuadold
leaidA L

sainses|\
aAnuanaild

Fig. 1. Usability challenges for user-adaptive systems and ways of dealing with them. (Solid

“user”; S =

and dashed arrows denote positive and negative causal influences, respectively. U

“system”)



User Modeling Meets Usability Goals 3
References

1. Jameson, A.: Adaptive interfaces and agents. In Jacko, J.A., Sears, A., eds.: Human-Computer
Interaction Handbook. Erlbaum, Mahwah, NJ (2003) 305-330

2. Bohnenberger, T., Jacobs, O., Jameson, A., Aslan, I.: Decision-theoretic planning meets user
requirements: Enhancements and studies of an intelligent shopping guide. In: Proceedings of
Pervasive 2005, Munich (2005)



Hey, That’s Personal!

Lorrie Faith Cranor

Carnegie Mellon University, Pittsburgh, PA, USA
lorrie@cmu.edu
http://lorrie.cranor.org/

Personalized online commerce systems, context-aware pervasive computing
applications, and other personalized computing systems often sacrifice privacy for
added convenience or improved service. Some systems provide users with substantial
benefits from personalization; other systems profile users to the primary benefit of the
service provider. In many cases users are not fully informed about how their profile
information will be used and are not given adequate opportunities to control the use of
their personal information. If developers of personalized systems do not consider
privacy issues in the design of their systems they risk building systems that are unable
to comply with legal requirements in some jurisdictions. In addition, concerns about
privacy may slow adoption of some personalized systems or prevent them from ever
gaining acceptance. In this talk I will discuss the privacy risks associated with
personalization systems and discuss a number of approaches to reducing those risks,
including approaches to minimizing the amount of profile information associated with
identified individuals and approaches to better informing users and giving them
meaningful opportunities to control the user of their personal information.

L. Ardissono, P. Brna, and A. Mitrovic (Eds.): UM 2005, LNAI 3538, p. 4, 2005.
© Springer-Verlag Berlin Heidelberg 2005



Inhabited Models: Supporting Coherent Behavior
in Online Systems

Thomas Erickson

IBM T. J. Watson Research Center, P.O. Box 704, Yorktown Heights,
NY 10598 USA
snowfall@acm.org
http://www.visi.com/~snowfall/

Abstract. A principal focus of user modeling has been on modeling individuals,
the aim being to support the design of interactive systems that can fluidly adapt
to their users’ needs. In this talk I shift the focus from interactions between a
human and a computer, to interactions amongst people that are mediated by a
digital system. My interest has to do with how to design online systems that can
support the blend of flexibility and coherence that characterizes face to face
interaction. I describe my approach, which involves creating shared
visualizations of people and their activities in online situations such as chats,
presentations, and auctions. This kind of visualization — which serves as a sort
of inhabited model of an activity — plays a number of roles in supporting group
interaction that is both flexible and coherent.

1 Coherent Behavior

Think about the last time you attended the theatre. When the play is ready to begin,
the doors are closed, the house lights are lowered, and the audience responds, their
collective murmur subsiding into silence, punctuated by the occasional cough. When the
play ends, the audience makes an effort — each individual acting on his or her own — to
give signs of their enthusiasm. Typically the result is applause, in which an
individual’s hand claps are rapidly taken up by others, swelling into a uniform texture
of sound. This is a simple example of a pervasive phenomenon: groups of people —
even when the individual members do not know one another — are remarkably good at
behaving coherently as a group. Of course, this is not happening in a vacuum.
Theatres are carefully designed to support performances and the events that surround
them; effects like lighting are used not just to enhance the play, but to provide cues to
the audience about when the performance begins and ends. To produce coherent
behavior, the audience makes use of its knowledge of the situation, cues from the
environment, and its members’ mutual awareness of one another’s action.

Our daily life is rife with examples. We queue up, in a more or less orderly
manner, at the ticket window. We wait for the traffic signal to change, or, if there is a
break in the traffic and enough willing ‘conspirators’, we may cross en mass against
the light. Of course, behaving coherently does not necessarily mean that everyone
does the same thing. Pedestrians passing through Victoria Station at rush hour do a

L. Ardissono, P. Brna, and A. Mitrovic (Eds.): UM 2005, LNAI 3538, pp. 538, 2005.
© Springer-Verlag Berlin Heidelberg 2005



6 T. Erickson

remarkable job of avoiding one another: a glance, a slight alteration in direction or
gait, and collision is averted, time after time after time. In more ordered
circumstances such as meetings, groups orchestrate their behavior: someone waits for
a turn to talk, judges how his or her words are being received, and shifts course
depending on the audience’s reaction. And in most cases we do all of this with the
greatest of ease. None of this is a surprise: these skills are basic aspect of being social
creatures, and examples pervade the work of sociologists (e.g. [3]), anthropologists
(e.g. [5]), and other scholars (e.g. [4]).

2 Coherent Behavior in Online Systems

However, when our interactions are mediated by digital systems, things that were
easy in face to face situations become more difficult. When we use instant messaging,
email or even telephony, many of the cues that we effortlessly use to coordinate our
face to face behavior are absent. Conversational practices that are simple in face to
face situations — such as taking turns when talking, or ‘going around the room’ with
one person speaking after another — become awkward and cumbersome in a
conference call. Other practices, such as an audience’s spontaneous applause at the
end of an excellent performance, become difficult or impossible.

The problem is not only that digital mediation makes it difficult for us to
coordinate behavior as we wish; there is a subtler problem. To see this, let’s return to
our example of an audience applauding. We are back in theater: the house lights have
come up, the cast has come out on the stage to take their bows, and the audience is
applauding with vigor. As the applause continues, one or two people stand up, and
they are rapidly joined by more and more, giving rise to a standing ovation. Now let
us suppose that there is a member of the audience who is less enthusiastic about the
performance and doesn’t believe it should receive a standing ovation. Nevertheless, in
spite of this reluctance, he or she may well be even more reluctant to be seen to be the
only one not standing. In fact, there is an almost palpable pressure to join with rest of
the audience in giving a standing ovation. What this example demonstrates is that the
cues and mutual visibility that structure our face to face behavior do not just make it
easier to do what we want to do, but also encourage us to do that which we may not
be inclined to do: wait in the queue, wait for the traffic signal, or stand, applauding
politely if not enthusiastically. This pressure to conform, to join with others in
producing a coherent collective outcome, is absent or greatly weakened in digitally
mediated situations.

In summary, in online environments where collective behavior is mediated by
digital systems, group interaction loses much of the grace and unity that characterizes
its face to face counterpart. As an interaction designer, I am interested in remedying
this situation.

3 Social Proxies as Inhabited Models

My approach to this problem is to design visualizations of the activities of participants
in an online system. These visualizations, which I call “social proxies,” function by
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Fig. 2. Three states of the Babble proxy with increasingly focused degrees of activity

depicting the fine structure of individuals’ activities relative to an implicit model of
the activity the system is intended to support. Social proxies typically contain
representations of the participants in the activity, and thus are, in a sense, inhabited.
Because the proxies are made visible to all users of the system, they can be used as a
shared resource, and serve as a common ground from which individuals can draw
inferences about various aspects of the system’s state.

Fig. 1 shows a simple example, implemented in a multi-user, persistent chat system
called “Babble” [1]. The Babble social proxy depicts the current chat room as a large
circle, and participants as small colored dots; dots shown inside the circle are in the
chat room being viewed. Thus, the social proxy in Fig. 1 depicts eight people logged
into Babble, seven of whom are in the same room. Dots move to the circle’s inner
core when their users type or are otherwise active, and slowly drift to the periphery of
the circle over the course of about 20 minutes of idleness. Thus, of the seven
participants in the chat room, five have been active very recently, one has been idle
for about 10 minutes, and the last has been idle for 20 minutes.

Although this social proxy is very simple, it allows users of the system to get a
sense of how many people are in the same room, and how many of those are active in
the chat. Typically, a cluster of dots at the center of the circle indicates that
‘something is going on.” The experience, to a Babble user, is somewhat similar to
walking down a street and noticing a crowd: it provokes curiosity and (often) a desire
to see what’s going on. Because the Babble system can be minimized so that only the
proxy is visible (while Babble users are involved in other computer-based activities),
a cluster of dots in the proxy often can pull other people back into Babble, causing
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their idle, side-lined dots to move into the center forming a ‘crowd.” Fig. 2 shows
three states of the Babble proxy, showing an increase in focus as more and more
people become active in the chat space.

More generally, social proxies consist of a geometric background figure that serves
as a sort of model of a particular activity or situation, and small colored dots that
represent participants. Movements of the dots relative to the background figure
provide information about the individual activities of the participants, and express the
overall state of the system. Often the movements and groupings of the dots are
analogous to the ways in which participants in the corresponding face to face activity
would move and position their bodies, in the same way in which the clustering of the
dots in the Babble proxy represent a crowd gathering. Although minimal, this
approach turns out to be remarkably powerful, and provides ways of supporting
online activities ranging from conference calls to auctions [2].
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Abstract. The paper describes an ontology-based approach for inte-
grating interactive user modeling and learning content management to
deal with typical adaptation problems, such as cold start and dynamics
of the user’s knowledge, in the context of the Semantic Web. An inte-
grated OntoAIMS system is presented and its viability discussed based
on user studies. The work demonstrates some novel aspects, such as (a)
ontological approach for integration of methods for eliciting and utilizing
of user models; (b) improved adaptation functionality resulted from that
integration, validated with real users; (c) support of interoperability and
reusability of adaptive components.

1 Introduction

A key factor for the successful implementation of the Semantic Web vision [2]
is the ability to deal with the diversity of users (who differ in their capabili-
ties, expectations, goals, requirements, and preferences) and to provide person-
alized access and user-adapted services. Recently, the Semantic Web community
is acknowledging the need to consider the user’s perspective to provide per-
sonalization functionality [8]. Personalization has been a prime concern of the
user-modeling community which has developed methods for building user mod-
els (UMs) and using these models to tailor the system’s behavior to the needs
of individuals. However, for UM methods to be deployed on the Semantic Web,
they should deal with semantics defined with ontologies [3], and should enable
interoperability of algorithms that elicit and utilize UMs[8] based on common
ontology specification languages, for example OWL [10].

We present here how interactive user modeling (UM elicitation) and adaptive
content management (UM utilization) on the Semantic Web can be integrated
in a learning domain to deal with typical adaptation problems, such as cold
start, inaccuracy of assumptions about a user’s cognitive state drawn only on
the basis of interaction tracking data, and dynamics of the student’s knowledge.
The paper demonstrates the following novel aspects: (a) ontological approach
for integration of methods for eliciting and utilizing user models; (b) improved
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adaptation functionality resulted from that integration, validated in studies with
real users; (¢) support of interoperability and reusability on the educational
Semantic Web. We illustrate these in an adaptive system called OntoAIMS.

Our work on providing users with a structured way to search, browse and
access large repositories of learning resources on the Semantic Web relates to re-
search on adaptive Learning Content Management Systems (LCMS). Similarly
to existing LCMS, e.g. [4,12], OntoAIMS employs student models to allocate
tasks and resources for individual students. Distinctively, we use OWL ontolo-
gies to represent the domain and the UM. The latter extends the notion of a
domain overlay by including students’ beliefs that are not necessarily in the sys-
tem’s domain knowledge. In contrast with more general UMs for the Web, e.g.
Hera [11], which consider merely user attributes, OntoAIMS uses an enhanced,
interoperable, ontology-based user model built via a dialog with the user.

The interactive user modeling component in OntoAIMS, called OWL-OLM,
elicits an OWL-based open learner model built with the active user’s participa-
tion. This extends an interactive open learner modeling framework [7] to deal
with dynamic, ontology-based, advanced learner models [6]. Similarly to [9, 13],
the open user modeling approach in OWL-OLM deals with a user’s conceptual
state. Distinctively, we exploit OWL-reasoning to maintain diagnostic interac-
tions and to extract an enhanced user model represented in OWL. This shows a
novel open user modeling approach that deals with important issues of modeling
users to enable personalization and adaptation for the Semantic Web.

The focus of this paper is the integration and the benefits of both interactive
user modeling and adaptive task recommendation. We first introduce the inte-
grated architecture of OntoAIMS (Sect. 2) and then briefly describe its main
components: ontology-based user modeling (Sect. 3) and task recommendation
and resource browsing (Sect. 4). Section 5 discusses how users accept the inte-
grated environment. Finally, we conclude and sketch out future work.

2 Integrated OntoAIMS Architecture

OntoAIMS! is an Ontology-based version of the AIMS Adaptive Information
Management System [1] providing an information searching and browsing envi-
ronment that recommends to learners the most appropriate (for their current
knowledge) task to work on and aids them to explore domain concepts and read
resources related to the task. Currently, OntoAIMS works in a Linux domain.
OntoAIMS uses ontologies (see Fig. 1) to represent the aspects of the
application semantics, to allow a strict separation of domain-dependent data,
application-related data and resources, and to further enable reusability and shar-
ing of data on the Semantic Web. The learning material is specified in terms of
a Resource Model that describes the documents in the resource repository and is
linked to the Domain Ontology which represents the domain concepts and their re-

1 The system is available with username visitor and password wvisitor at http://
swale.comp.leeds.ac.uk:8080/staims/viewer.html
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Fig. 1. OntoAIMS Integrated Architecture

lationships. The course structure is represented as a hierarchy of tasks in a Course
Task Model. To enable adaptivity, OntoAIMS utilizes a User Model that covers
learner preferences, personal characteristics, goals and domain understanding.

The success of adaptation in OntoAIMS depends on the accuracy and com-
pleteness of the user model. Unobtrusive ways to collect user data have been
considered. The user’s interaction with the system (e.g. tasks/resources chosen
and searches performed) is gathered in the Activity User Profile, which provides
information about user preferences and personal characteristics. However, this
data is insufficient for modeling a user’s domain understanding (called here con-
ceptual state, see Sec. 3.1), moreover, such data is unavailable when the user
logs for a first time. Hence, to build a model of the user’s conceptual state, On-
toAIMS employs an interactive UM component that maintains a dialog to elicit
a user’s conceptual model, see Sect. 3.2. Both the User Model and the Course
Task Model are used for recommending the learner a task to study, so that he
can navigate efficiently through the course structure, while the Resource Model
is used to allocate resources and rank them according to the appropriateness to
the learning task, see Sect. 4.

3 Ontology-Based User Modeling in OntoAIMS

Throughout the user interaction, information about concepts visited, searches
performed, task status (current, started, finished, not started yet), resources
opened, and bookmarks saved is stored in the Activity User Profile. It is useful
for deducing user preferences and characteristics, and to make initial assumptions
about the user’s domain understanding. To have an in-depth representation of
aspects of the user’s domain understanding, OntoAIMS uses a User’s Conceptual
State. This section will outline how it is represented and maintained.

3.1 User’s Conceptual State

The main reason for maintaining a conceptual state is to have an intermediate
model that links a user’s conceptualization to an existing domain ontology. The
conceptual state is a model of the user’s conceptualization inferred during in-
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<rdf:Description rdf:about="blo:Filesystem_node">
<rdfs:comment rdf:datatype="xmls:string">
Any set of data that has a pathname on the filesystem.</rdfs:comment>
<rdfs:label>file</rdfs:label>
<rdf:type rdf:resource="owl:Class"/>
<aimsUM:times_used rdf:datatype="xmls:long">12</aimsUM:times_used>
<aimsUM:times_used_correctly rdf:datatype="xmls:long">10</aimsUM:times_used_correctly>
<aimsUM:times_used_wrongly rdf:datatype="xmls:long">2</aimsUM:times_used_wronlgy>
<aimsUM:times_affirmed rdf:datatype="xmls:long">3</aimsUM:times_affirmed>
<aimsUM:times_denied rdf:datatype="xmls:long“>1</aimsUM:times_denied>
</rdf :Description>
<rdf:Description rdf:nodeID="A273">
<rdf:type rdf:resource="rdf:Statement"/>
<rdf:subject rdf:resource=“blo:Move_file_operation"/>
<rdf :predicate rdf:resource="rdfs:subClass0f"/>
<rdf:object rdf:resource="blo:Command"/>
<aimsUM:times_used rdf:datatype="xmls:long">1</aimsUM:times_used>
<aimsUM:times_used_wrongly rdf:datatype="xmls:long">1</aimsUM:times_used_wrongly>
</rdf:Description>

Fig. 2. An extract from a student’s Conceptual Model based on a dialog episode from
the second study described in Sect 5

teractions with the user. To distinguish between a temporary, short-term state
that gives a snapshot of a user’s knowledge extracted during an interaction ses-
sion and a long-term state that is built as a result of many interactions with
the system, we consider short term conceptual states (STCS) and a long term
conceptual state (LTCS), respectively. The former is a partial representation of
some aspects of a user’s conceptualization and is used as the basis for extracting
the latter that forms the User Model in OntoAIMS.

STCS is defined as a triple of URIs pointing to a Conceptual model, a set
of Domain ontologies and a LTCS. The Conceptual model is specified in OWL,
which is well-suited for defining conceptualization and for reasoning upon it.
The Conceptual Model resembles an ontology specification, i.e. it defines classes,
individuals, and properties, and uses OWL properties to define relationships. By
using OWL, concepts in the conceptual state are mapped to the domain ontology.

Fig. 2 shows an extract from a conceptual model. The user has used the
concept Filesystem node? 12 times® - 10 of these cases are supported by the
domain ontology and 2 are not. He has also stated 3 times that he knows the
concept Filesystem node and once that he does not know it. Fig. 2 also shows
that conceptual models keep track of specific relationships between concepts like
Move_file_operation being a subclass of the concept Command. Note that the
last relationship has been marked as used wrongly, which means that it is not
supported by the domain ontology and a mismatch between the user’s concep-
tualization and the domain ontology is indicated. Note also that a mismatch
only indicates that there is a discrepancy between the conceptual state and the
domain ontology, it does not indicate that the relationship is not true.

2 This concept is defined in the domain ontology, which can be found at http://
wwwis.win.tue.nl/"swale/blo

3 The RDF specification of the properties used to annotate conceptual states can be
found at http://wwwis.win.tue.nl/"swale/aimsUM



Integrating Open User Modeling and LCM for the Semantic Web 13

STCS is used to update LTCS which associates a belief value for each domain
concept. The belief value is calculated based on the conceptual model. The first
time the concept is used its belief value is assigned to 50 (out of 100). From then
on, Belief value(c) = x 4 (100 — x)/2, if there is evidence for knowing ¢ and
Belief_value(c) = x/2, if there is evidence for not knowing ¢, where x is the
current, belief value of ¢ and evidence is calculated depending on the situation,
e.g. times_used_correctly/times_used.

3.2 Dialog for Extracting a User’s Conceptual Model

OntoAIMS uses OWL-OLM — an OWL-based framework for Open Learner
Modeling to (a) validate the analysis of the user data, (b) elicit a learner’s
conceptual model, and (c¢) build and maintain a dynamic UM. OWL-OLM fol-
lows the STyLE-OLM framework for interactive open learner modeling [7] but
amends it to work with a domain ontology and user model built in OWL. OWL-
OLM builds a conceptual model of a user by interacting with him in a graphical
manner (see Fig. 3). During these interactions, both OWL-OLM and the user
can ask domain-related questions and give their opinions about domain-related
sentences. To maintain the dialog, OWL-OLM uses a discourse model and infers
knowledge from the domain ontology and from the current conceptual model.
Because OWL is used as the representation language, OWL-OLM can deploy
existing OWL reasoners for the Semantic Web, currently, it uses Jena *.
The OWL-OLM screen-

shot in Fig. 3 shows the dia-
log history in the upper-left
corner and the last utter-
ance in the graphical area.
The user composes utter-
ances by constructing di-
agrams using basic graph-
ical operations — ’create’,
‘delete’ or ’edit’ a con-
cept or a relation between
concepts — and selecting
a sentence opener to de-
fine his intention, e.g. to
’answer’, 'question’, 'agree’,
"disagree’, ’suggest topic’.
For a detailed description of
OWL-OLM see [6, 5].
OWL-OLM analyzes
each user utterance to de-
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Fig. 3. Graphical User Interface of OWL-OLM

termine how to update the user’s conceptual model based on the domain concepts
and relations used in the utterance. It determines whether the user’s statement

4 http://jena.sourceforge.net/
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is supported by the domain ontology, and, if this is not the case, marks a mis-
match. Reasoning over the domain ontology and the conceptual model is also
used to determine how OWL-OLM continues the dialog, e.g. asking the user a
question, initiating a clarification dialog to discuss a mismatch, or answering a
user’s question.

Currently, OntoAIMS calls OWL-OLM to probe about a user’s domain un-
derstanding, and, based on the task model, specifies what domain aspects have
to be discussed. The dialog can be terminated either by the user whenever he
wishes or by OWL-OLM when the required aspects of the user’s conceptual-
ization have been covered. OWL-OLM then uses the extracted STCS to up-
date the belief values in the LTCS that is used by the task recommendation
in OntoAIMS.

4 Task Recommendation and Resource Browsing

The OntoAIMS Course Task Model consists of a hierarchy of tasks. An example
extract from a simplified representation of the Course Task Model used in the
current instantiation of OntoAIMS is given below.

Course: Introduction to Linux

T1. Introduction

T1.1 Operating Systems
T1.1.1 Definition and Description; concepts={operating system, kernel, system program,...}

T1.2 Files and Filesystems
T1.2.1 Files and operations on files; concepts={file, filename, copy files, view files,...}

T4. The Gnome environment

Each course task T is represented as (T7p, Tin; Tout:s Teoncepts, Ipre), Where
T}y, is the input from the user’s Activity Profile, T, is the output for the user’s
Activity Profile and for STCS based on the user’s work in T, Tioncepts is a set
of domain concepts studied in T, and T}, indicates the prerequisites for T (e.g.
knowledge level for each Ti.oncept, other tasks and resources required).

The task recommendation algorithm first selects a set of potential tasks to
recommend from all tasks in the Course Task Model, by checking whether their
T5n and T, are supported by the Activity Profile and the belief-values for the
concepts in LTCS. OntoAIMS checks the concept knowledge threshold for the
concepts in Teoncepts and recommends either to follow the task if the knowledge
is not sufficient or to skip the task otherwise.

When the user chooses to perform the recommended task, the OntoAIMS
Resource Browser (see Fig. 4) helps the user to learn more about the do-
main concepts related to that task. He can search for and read learning re-
sources, browse domain concepts and study their definitions in the context of
this task. For each resource in the search result list OntoAIMS provides two
types of ranking - relevancy to the current task, and relevancy to the current
user query. In this way, OntoAIMS can recommend resources for those con-
cepts the user does not know or which contain mismatches with the domain
ontology. The user’s activities for a task and T,,; are used to update the user
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Fig. 4. OntoAIMS resource browser

model once the task is completed. It is possible to employ OWL-OLM to vali-
date the updates to the Conceptual State in T, although this is not currently
implemented.

5 Imnitial Evaluation of OntoAIMS with Users

We have conducted user studies with OntoAIMS to: (a) verify the functionality of
its components (user modeling, task recommendation, and resource browser); (b)
examine how users accept the integrated environment and its adaptive behavior;
(¢) identify how the system can be improved with additional adaptive features.

5.1 Observational Studies

Two user studies were conducted with the current instantiation of OntoAIMS
in a domain of Linux. Initially, siz users, postgraduate students and staff from
the universities of Leeds and Eindhoven, took part. An improved version of the
system was used in a second study with ten first year Computing undergraduates
at Leeds. It followed a two-week introductory course on Linux. In both studies,
the users attended individual sessions, which lasted about an hour and were
video recorded and monitored by an observer. OntoAIMS did not have data
about the users prior to their logon to ensure realistic cold start conditions. The
users were asked to study resources on Linux, which would be recommended by
the system. At times, the observer interrupted the users to clarify their behavior
with the system. At the end, the users were given a questionnaire related to their
satisfaction and suggestions for system improvements.



16 R. Denaux, V. Dimitrova, and L. Aroyo

5.2 Results and Discussion

We will discuss here the benefits of the integrated architecture, see [5] for more
details about the OntoAIMS evaluation. OntoAIMS was regarded as helpful for
both tuning one’s knowledge in Linux and learning more about domain concepts.
Every user appreciated the integrated functionality and worked with all compo-
nents. Because at the start the system did not have any information about the
users, it directed them to OWL-OLM (see Sect. 3.2), where users spent about
half an hour on average. OWL-OLM probed their domain knowledge following
the topics defined in the task ontology. Based on the dialog, the users were sug-
gested tasks suitable for their level (see Sect. 4). They then spent about half
an hour with the resource browser (see Sect. 4) exploring domain concepts and
reading resources offered by the system.

Benefits from OWL-OLM. The evaluation showed strong potential of OWL-
OLM to deal with the cold start problem. OWL-OLM assessed the students’ level
of expertise and recommended them appropriate tasks to study. The expert users
followed the OWL-OLM dialog answering most questions, and occasionally asked
the system to confirm their domain statements. These users were pleased to be
able to show their familiarity and to engage in discussions on more advanced
domain topics. Less knowledgeable users struggled to answer the system’s ques-
tions and often sought the answer from OWL-OLM. These users explored a
variety of dialog moves, e.g. they disagreed with system’s statements, composed
new concepts and links, and asked several types of questions. There were occa-
sions when discrepancies with the domain ontology were shown, which triggered
corresponding clarification dialog games.

OWL-OLM was regarded by all users as a component that helped them learn.
The students used the dialog to study about the domain and commented that
the OWL-OLM dialog made them think about their knowledge, so they became
aware of which concepts they were familiar with or struggling with. Indeed, as
reported in [7], interactive open user modeling provides the means for reflection.

Benefits from Task Recommendation. The user models generated with
OWL-OLM were used to inform the task proposal. Some users were offered to
skip tasks, as OWL-OLM found that they already knew quite a bit about that
topic, while less knowledgeable users were directed to introductory topics. Most
users agreed that the task recommended by the system was appropriate for their
level, two students disagreed with this as they found the resources insufficient
for the recommended topics. All users were pleased that the system could rec-
ommend them a task, they followed the recommended tasks, and regarded them
as compliant with their learning goals. All users but one, said that they were
aware why the task recommendation was made, which was due to the preced-
ing OWL-OLM interactions. This gives a strong argument for the benefits of
integartion.

Benefits from Resource Browsing. The resource browser was regarded as
“a flexible way of looking at resources”. The users found it intuitive and easy to



Integrating Open User Modeling and LCM for the Semantic Web 17

Table 1. Additional adaptive features in OntoAIMS as pointed out by the ten users
in the second study (the numbers show how many students support the feature)

Feature No
I want the resources ranked according to my preferences and knowledge 10
I want the resources ordered according to my preferences and knowledge 8
I want the resources filtered according to my preferences and knowledge 4
I would like to be able to choose when the system should be adaptive 10
I would like to know what the system’s thinks about my knowledge 10
I would like to know how my interaction with the system is used to form

the system’s opinion about my knowledge 8
I would like to know how the system’s behavior is affected by its opinion about me 9
I would like to be able to inspect and change what the system thinks of me 10

use. All users agreed that the graphical representation gave them an overview
of the conceptual space: “it allows to map your path through sequences of top-
ics”, “demonstrated exactly where I was in relation to the suggested topic”. The
users were offered a set of resources ranked according to their appropriateness
to the task. Depending on the goal (e.g. learning more about a concept, check-
ing the syntax of a command, or tuning the student’s domain knowledge), the
resources the students were looking for differed in size, structure, and depth of
domain knowledge. All users were pleased to see document ranking, but, again
all of them, wanted this to be done not according to the the task but the user’s
preferences, knowledge, and current goal. This points at the need for further
improvement of the integration, as discussed below.

Improving the Integration and Adaptation. The evaluation pointed at
improvements needed with regard to the integration between OWL-OLM and
the resource browser. All students wanted to use a flexible switch between both
modes. They stressed that this should be the user’s choice, not something im-
posed by the system, and pointed at ways to implement it, e.g. offering the users
a choice to go to the resource browser when they ask a question in OWL-OLM or
enabling them go to a dialog to check their domain understanding after reading
resources in the browser. The users in the second study were asked about addi-
tional adaptive features. The study pointed at future extensions of OntoAIMS
to further integrate OWL-OLM and resource recommendation, see Table 1.

6 Conclusions and Future Work

The paper proposed an ontology-based approach for integrating interactive user
modeling and learning content management to deal with typical adaptation prob-
lems on the Semantic Web, such as cold start, unreliability of user interaction for
building conceptual UMs, and dynamics of a user’s knowledge. We exemplified
the approach in the integrated learning environment OntoAIMS for adaptive task
recommendations and resource browsing on the Semantic Web. Initial results
from two user studies were discussed. OntoAIMS shows a promising approach
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for dealing with adaptation on the Educational Semantic Web and contributes
to this newly emerging strand.

Our immediate plans relate to improving OntoAIMS by adding additional
integration and adaptation features, as suggested by the user studies. In the
long run, we consider studies to (a) produce a good classification of users’ mis-
matches and patterns for clarification dialog (b) design effective knowledge elic-
itation tools suited not for ontology engineers, but for users with a wide range
of experiences, and (c) use Semantic Web services for the dynamic allocation of
learning resources which are then flexibly integrated in OntoAIMS.

Acknowledgments. The research was supported by the UK-NL Partnership
in Science and the EU NoE PROLEARN. The authors thank Michael Pye for
implementing the OWL-OLM GUI and the participants in the evaluative study.
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Abstract. During conversation, people often make assumptions or suppositions
that are not explicitly stated. Failure to identify these suppositions may lead to
mis-communication. In this paper, we describe a procedure that postulates such
suppositions in the context of the discourse interpretation mechanism of BIAS —a
Bayesian Interactive Argumentation System. When a belief mentioned in a user’s
discourse differs from that obtained in BIAS’ user model, our procedure searches
for suppositions that explain this belief, preferring suppositions that depart min-
imally from the beliefs in the user model. Once a set of suppositions has been
selected, it can be presented to the user for validation. Our procedure was evalu-
ated by means of a web-based trial. Our results show that the assumptions posited
by BIAS are considered sensible by our trial subjects.

1 Introduction

During conversation, people often make assumptions or suppositions that are not explic-
itly stated. The identification of these suppositions is important in order to understand
the intentions or reasoning of one’s conversational partner, and to provide cooperative
responses. For instance, if someone says “Jack is tall, so Jill must be tall”, s/he is proba-
bly assuming that Jack and Jill are related. This assumption must be taken into account
in order to respond cooperatively. In this example, rather than responding “I disagree,
Jill may or may not be tall”, it would be more helpful to say “Actually, Jack and Jill are
not related, so we can’t infer that Jill is tall”.

In this paper, we describe a procedure that postulates such suppositions in the con-
text of the discourse interpretation mechanism of BIAS — a Bayesian Interactive Argu-
mentation System [8,7]. This mechanism receives as input arguments for a goal propo-
sition, and generates interpretations.

An interpretation is a representation of what an interlocutor said in terms of the
mental model maintained by the addressee. When the addressee is a computer, this rep-
resentation is constrained by the knowledge representation and reasoning formalism
employed by the system, and by the purpose for which the system is used. The interpre-
tations generated by the version of BIAS described in [8, 7] consist of propositions asso-

* This research was supported in part by the ARC Centre for Perceptive and Intelligent Machines
in Complex Environments. The authors thank David Albrecht and Yuval Marom for their help
with the analysis of the evaluation results.

L. Ardissono, P. Brna, and A. Mitrovic (Eds.): UM 2005, LNAI 3538, pp. 19-29, 2005.
(© Springer-Verlag Berlin Heidelberg 2005



20 S. George, 1. Zukerman, and M. Niemann

ciated with degrees of belief, and relations between propositions. For example, if a user
said “If T walk to the main road, then I’ll probably be in Sydney tomorrow”, one pos-
sible interpretation would be “WalkMainRoad — TakeBus — ArriveSydney [Likely]”,
and another would be “WalkMainRoad — HitchRide — ArriveSydney [Likely]”.

The procedure described in this paper incorporates suppositions into such interpre-
tations in order to account for the beliefs stated by a user. For example, if the user had
been previously discussing the perils of hitchhiking, and then said “If I walk to the main
road, I’1ll have to hitch a ride to Sydney”, the system could posit that the user is sup-
posing that no buses are available. If such a supposition departs significantly from the
beliefs recorded in the user model, it is presented to the user for confirmation, where-
upon it is incorporated into the user model.

In the next section, we discuss related research. Section 3 outlines our interpretation-
generation process, and Section 4 describes our mechanism for positing suppositions.
We then present a user-based evaluation of this mechanism, and concluding remarks.

2 Related Research

An important aspect of discourse understanding involves filling in information that
is omitted by the interlocutor. In our previous work, we have considered inferential
leaps, where BIAS filled in intermediate reasoning steps left out by a user [8, 7], and
unstated premises, where BIAS postulated which premises from the user model were
considered by the user, but omitted from his/her argument [9]. In this paper, we con-
sider suppositions, which according to the Webster dictionary “consider as true or ex-
isting what is not proved”. Suppositions are beliefs that differ from those in the user
model, but are posited by the system to account for the beliefs expressed in the user’s
argument.

Several researchers have considered presuppositions, a type of suppositions implied
by the wording of a statement or query [3,5,4,2]. For instance, “How many people
passed CS101?” presupposes that CS101 was offered and that students were enrolled
in it [3]. Mercer [4] used default logic together with lexical information to identify a
speaker’s presuppositions. Gurney et al. [2] used active logic plus syntactic and lexi-
cal information to update the discourse context presupposed by an utterance. Kaplan
[3] considered the information in a database and applied language-driven inferences to
identify presumptions in database queries, and generate indirect cooperative responses,
e.g., “CS101 was not offered” rather than “nobody passed CS101”. Motro [5] extended
this work using information about the database, such as integrity constraints, in addition
to the information in the database.

The presuppositions considered by these researchers are typically few and can be
unequivocally inferred from the wording of a single statement. In contrast, the supposi-
tions considered in this paper are postulated to justify the relations between statements
made by a user, and differ from what our system thinks that the user believes. Further-
more, there may be several alternative suppositions that explain a user’s statements, and
their probability depends on the other beliefs held by a user.
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3 OQOutline of BIAS

BIAS uses Bayesian networks (BNs) [6] as its knowledge representation and reasoning
formalism.! Our domain of implementation is a murder mystery, which is represented
by a 32-node binary BN. That is, each node in the BN may be set to either True or False.
In addition, an unobserved node may remain unset (with a probability between 0 and 1
inferred by means of Bayesian propagation).

In the context of a BN, an interpretation consists of the tuple { SC, IG}, where SC
is a supposition configuration, and I G is an interpretation graph.

— A Supposition Configuration is a set of suppositions made by BIAS to account for
the beliefs in a user’s argument.

— An Interpretation Graph is a subnet of the domain BN which links the nodes that
correspond to the antecedents in an argument to the nodes that correspond to the
consequents. Each node is associated with a degree of belief.

Figure 1 shows a sample argument (left-hand side) and interpretation (the Bayesian
subnet on the right-hand-side). The argument is composed of propositions (obtained
from a menu in an argument-construction interface [7]) linked by argumentation con-
nectives. The italicized nodes in the Bayesian subnet are those mentioned in the argu-
ment, and the boxed node is a supposition (posited by the system) that accounts for the
beliefs in the argument. If the time of death is unknown according to the user model,
then GreenInGardenAt11 does not necessarily imply that Mr Green was in the garden
at the time of death, yielding a belief of LessThanEvenChance in GreenMurderedBody.
In order to account for the user’s belief of BetterThanEvenChance for this consequent,
BIAS posits that the user supposes TimeOfDeath11=True.

GreenlnGardenAtl1 [VeryLikely]
AND
MurderWeaponFiredByGreen [Likely]

GreenMurderedBody

IMPLIES GreenHadMeans GreenHadOpportunity
GreenMurderedBody [BetterThanEvenChance]

MurderWeapon GreenInGardenAt
FiredByGreen TimeOfDeath

=g

TimeOfDeathl1| GreenlnGardenAtl1

Fig. 1. Sample argument and interpretation

The problem of finding the best interpretation {SC, IG} is exponential. Hence, we
use the anytime algorithm in Figure 2 for this task [1]. This algorithm activates the fol-
lowing three modules until it runs out of time (after 20 seconds), retaining the top NV

! However, BNs are not essential. Our mechanism requires a set of propositions that represent
the system’s domain knowledge, and a representation of relations between propositions.
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(=4) interpretations at any point in time: one module for proposing a supposition con-
figuration, one for proposing an interpretation graph, and one for evaluating the resul-
tant interpretation.” This algorithm typically generates a few supposition configurations
(Section 4), and several interpretation graphs for each supposition configuration.

Algorithm Generatelnterpretations(UserArg)
while {there is time}

1. Propose a supposition configuration SC' that accounts for the beliefs stated in the argument.
2. Propose an interpretation graph /G that connects the nodes in UserArg under supposition
configuration SC.

Evaluate interpretation {SC, IG}.

4. Retain top [N (=4) interpretations.

b

Fig. 2. Anytime algorithm for generating interpretations

An interpretation is evaluated by calculating its posterior probability, where the best
interpretation is that with the highest posterior probability.

SysintBest = argmax,_, _ ,Pr(SC;, IG;|UserArg)

where n is the number of interpretations.
After applying Bayes rule and making independence assumptions, we obtain

SysIntBest = argmax,_, _ ,{Pr(UserArg|SC;, IG;) x Pr(IG;) x Pr(SCy)} (1)

This calculation implements Occam’s Razor, which may be stated as follows: “If
you have two theories both of which explain the observed facts, then you should use
the simplest until more evidence comes along”. This principle balances data fit against
model complexity. The data fit component (Pr(UserArg|SC;, IG;)) reflects how well
an interpretation matches a user’s argument both in structure and beliefs. The model
complexity component reflects the simplicity of the interpretation, or how easily it
can be derived from existing information. Pr(IG};), the prior probability of an inter-
pretation graph, reflects how easy it is to obtain this graph from the domain BN (e.g.,
small graphs are easy to derive); and Pr(SC;), the prior probability of a supposition
configuration, indicates how close are these suppositions to the beliefs in the user
model. The calculation of Pr(UserArg|SC;, IG;) is based on Pr(UserArg|IG;) (the
calculation of Pr(UserArg|IG;) and Pr(IG;) is described in [7], where we considered
only interpretation graphs, not suppositions). In this paper, we describe the calculation
of Pr(SC;) and the influence of suppositions on the probability of an interpretation
(Section 4).

2 We have also implemented a module that matches Natural Language (NL) sentences in an ar-
gument with nodes in the domain BN, This module, which should be called before the other
modules, is not part of the version of BIAS described here, where the propositions in an argu-
ment are copied from a menu.
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4 Positing Suppositions

As stated in Section 3, the nodes in our BNs are binary. Hence, the possible supposition
states are: SET TRUE — suppose that a node is True; SET FALSE — suppose that a node is
False; and UNSET — suppose that a node has not been observed (i.e., ignore any evidence
supplied by this node). Making a supposition may strengthen the influence of a node on
its consequents, as shown in the example in Figure 1, or weaken it.

A supposition configuration describes the state of every node in the BN, hence there
are 3" such configurations (where N is the number of nodes in the BN). Since the
number of nodes in the BNs implemented in BIAS ranges between 32 and 85, we can-
not consider all possible supposition configurations, and we certainly cannot combine
them with large numbers of interpretation graphs in the next step of algorithm Gen-
eratelnterpretations. We therefore find promising supposition configurations by gener-
ating only a limited number (=200) of supposition configurations that are close to the
beliefs in the user model, and selecting from these the best three configurations as the
basis for the generation of interpretation graphs. This is done by applying algorithm
GetSuppositionConfig (Figure 3).

Algorithm GetSuppositionConfig, which is called in Step 1 of algorithm Generateln-
terpretations, receives as input an argument UserArg and returns a supposition con-
figuration randomly selected from a short-list of k£ (=3) configurations. This short-
list, which is denoted SuppositionConfigList, is generated by calling MakeNewCon-
fig(Supposition) K (=200) times, and selecting the best three configurations.

Algorithm MakeNewConfig, which is called in Step 1(a) of GetSuppositionConfig,
maintains a priority queue of configurations and their probabilities. Each time it is
called, it removes the configuration at the top of the queue (which has the highest proba-
bility), generates its “child configurations” (derived from the removed one), inserts them
in the queue according to their probability, and returns the removed configuration.® The
bold-italicized segments of the algorithm are explained later in this section.

We have adopted this process for the generation of supposition configurations, be-
cause observations of our system’s behaviour indicate that there are only a few promis-
ing supposition configurations among the many possible options, but these configura-
tions generally do not follow a monotonic pattern. Hence, a procedure that just descends
a priority queue will not yield good results reliably. Further, trials performed during sys-
tem development show that the top 200 supposition configurations (obtained by repeat-
edly accessing a priority queue) provide a suitable basis for selecting three promising
configurations.

The generation of supposition configurations and their children employs a structure
called Supposition Score Table, which maps nodes to suppositions (Table 1). Each col-
umn in the Supposition Score Table corresponds to a node in the BN. Each node is
associated with a list of <supposition: probability> pairs — one pair for each supposi-
tion — sorted in descending order of probability. Each pair represents the probability of

3 This algorithm is also used to generate interpretation graphs and node configurations that
match NL sentences, but here we focus on its use for generating supposition configurations.
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Algorithm GetSuppositionConfig(UserArg)

1. If SuppositionConfigList is empty
(a) Call MakeNewConfig(Supposition) K (=200) times, where each time MakeNewConfig
returns the best supposition configuration.
(b) Assign the top k (=3) supposition configurations to SuppositionConfigList.
2. Select an element from SuppositionConfigList at random.
3. Return the chosen configuration.

Algorithm MakeNewConfig(ConfigType)
1. If the priority queue is empty, propose an initial configuration, calculate its probability, and
add the configuration and its probability to the priority queue.
2. Remove the first configuration from the queue.
3. Generate the children of this configuration, calculate their probability, and insert them in
the queue so that the queue remains sorted in descending order of the probability obtained for
a configuration.
4. Return the chosen (removed) configuration.

Fig. 3. Algorithm for generating suppositions

Table 1. Sample Supposition Score Table

node1 nodes . nodesz
unser: 0.7  serTrue: 0.8 ... unser: 0.7
ser TRUE: 0.21 unser:  0.15 ... sertrue: 0.15
seT FALSE: 0.09  seTraLse: 0.05 ... serraLse: 0.15

making this supposition about the node in question, which is obtained by applying the
following heuristics:

— No change is best: There is a strong bias towards not making suppositions.

— Users are unlikely to change their mind about observed evidence: If a user has
observed a node (e.g., its value is True or False), s/he is unlikely to change his/her
belief in this node.

— Small changes in belief are better than large changes: If a node that is left unset has
a propagated value of 0.9, then it is more likely that the user is assuming it True than
if the propagated value was 0.6.

These heuristics are implemented by means of the probabilities in Table 2. The
left side of Table 2 specifies the probabilities of making suppositions about nodes that
have been observed by the user. For example, if the user knows that GreenlnGarde-
nAt11=True, then the probability of setting this node to True (leaving it unchanged)
is 0.8, the probability of unsetting this node is 0.15, and the probability of setting it to
False is 0.05. The right side of Table 2 specifies the probabilities of making suppositions
about nodes which have not been observed by a user (i.e., nodes that are unset). As per
the above heuristics, the bulk of the probability mass is allocated to leaving a node un-
set. The remainder of the probability mass is allocated in proportion to the propagated
probability of the node (Prgarine = 0.2 is used to normalize this component). However,
we include a fixed component of Prj,.s = 0.05 to ensure that some probability mass is
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Table 2. Probability of making suppositions

Node has been observed by the user|Node has not been observed by the user

Probability | Node = FALSE | Node = TRUE

Pr(unser) 0.15 0.15 Prunser (=0.7)

Pr(Set FALSE) 0.8 0.05 Pr(eaLse) X Prgoaring + Prfived
Pr(set TRUE) 0.05 0.8 Pr(1rUE) X Prfoating + Plfixed

allocated to every value (i.e., the probability of setting a node to True or False can not
go below 0.05). For instance, if the propagated belief of unobserved node GreenHad-
Means is Pr(GreenHadMeans) = 0.8, then the probability of leaving it unset is 0.7, the
probability of setting it to True is 0.8 x 0.2 4+ 0.05 = 0.21 and the probability of setting
it to False is 0.2 x 0.2 + 0.05 = 0.09.

The Supposition Score Table is used by elements of algorithm MakeNewConfig
(Figure 3) to generate supposition configurations as follows.

Propose an initial configuration (Step 1 of MakeNewConfig). Select the first row
from the Supposition Score Table. This yields supposition configuration {node;: uxser,
nodes: setTRUE, . .., nodess: unser} for the Supposition Score Table in Table 1.

Generate the children of a configuration (Step 3). The ith child is generated by mov-
ing down one place in column ¢ in the Supposition Score Table, while staying in the
same place in the other columns. For the Supposition Score Table in Table 1, this yields
{nodey: ser rUE, nOdes: ser TRUE, ..., nodesy: unser}, {nodey: unser, nodes: unser, ...,
nodesy: unser}, ..., where the underlined node-supposition pair is the element being
replaced in the parent supposition configuration.

Calculate the probability obtained for a configuration (Steps 1 and 3). According to
Equation 1 (Section 3), the probability of an interpretation is given by

Pr(UserArg|SC;, IG;) x Pr(IG;) x Pr(SC;)

The probability of a supposition configuration, Pr(SC}), is the product of the prob-
abilities of the entries in the Supposition Score Table for the configuration in question.
For instance, the initial configuration selected above has probability 0.7 x 0.8 x...x 0.7,
and configuration {nodelz SET TRUE, N0de€3: SET TRUE, ..., nodess: UNSET} has probability
0.21 x 0.8 X ... x 0.7. Thus, the more SC; departs from the beliefs in the user model,
the lower is Pr(SC;), thereby reducing the overall probability of the interpretation.

However, recall that Pr(UserArg|SC;, IG;) depends both on the structural match
between IG; and UserArg and the match between the beliefs in IG; (influenced by
the suppositions in SC;) and those in UserArg. Thus, if SC; yields a better match
between the beliefs in the interpretation and those in the user’s argument, then the prob-
ability of Pr(beliefs in UserArg|SC;, IG;) increases. As a result, the “cost” incurred
by the suppositions in SC; may be overcome by the “reward” resulting from the bet-
ter match between the beliefs. This cost-reward balance is represented by the product
Pr(beliefs in UserArg|SC;, IG;) x Pr(SC;), which determines the position of configu-
ration SC} in the priority queue maintained by algorithm MakeNewConfig (this product
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is also used to calculate Equation 1). Thus, the configurations that yield the best cost-
reward balance among those inspected until now are at the top of the queue (children
that are more promising may be discovered next time MakeNewConfig is called).

Our process for generating supposition configurations proposes promising configu-
rations in terms of improvements in the belief match between an argument and an inter-
pretation. However, it does not take into account other types of interactions which may
cause locally optimal supposition configurations and interpretation graphs to combine
into interpretations that are sub-optimal as a whole or even invalid. For example, if a
user says A — C and the most direct path between A and C'inthe BNis A — B — C,
then if B has been set to True in the user model, this path is blocked [6], as B prevents
A from influencing C' (which does not reflect the reasoning employed in the user’s
argument). Thus, the shortest interpretation graph together with the best supposition
configuration (which retains the beliefs in the user model) yield an invalid interpreta-
tion. In this case, unsetting the value of B (supposing that it was not observed) makes
the above interpretation valid. However, this may still not be the best interpretation, as
there may be a longer interpretation, e.g., A — D — E — C, which is not blocked
and requires no suppositions. Such global effects are considered during the evaluation
of an interpretation as a whole (Step 3 of algorithm Generatelnterpretations).

5 User Evaluation

Our evaluation of the module for postulating suppositions was conducted as follows.
Using a Web interface, we presented four scenarios: Crimson and Lemon (Figure 4),
Sienna and Mauve. These scenarios test various supposition alternatives as follows.
The Crimson and Sienna scenarios required supposing that a node is True in order to
strengthen the belief in the goal proposition of an argument; the Lemon scenario re-
quired a True supposition in order to unblock a path; and the Mauve scenario required
unsetting or “forgetting” the value a node to weaken the belief in the goal proposition
of an argument. Each scenario contained background evidence (not shown in Figure 4)
and two versions of a short argument for a goal proposition in our BN. One version (de-
noted “We think that”) stated the belief obtained for the goal proposition by performing
Bayesian propagation from the evidence, and the other version (denoted “If someone
says”) gave a different belief for this proposition. The trial subjects were then asked to
determine what this “someone” may be assuming in order to account for his/her belief
in the goal proposition.

We have used this “indirect” evaluation method (instead of having subjects interact
freely with the system), because we wanted to remove extraneous factors (such as in-
terface usability) from the evaluation, and we wanted to focus on a particular behaviour
of the system (the postulation of suppositions) that does not occur for every argument.

Since the purpose of our evaluation is to determine whether BIAS generates sensible
suppositions in the context of its domain knowledge, we needed to limit the suppo-
sitions available to our trial subjects to the propositions known to BIAS. However, at
the same time, we did not wish to burden our subjects with the need to look through
BIAS’ knowledge base to find out what BIAS knows. Additionally, we wanted to allow
respondents some freedom to state their views, if they disagreed with BIAS’ supposi-
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CRIMSON SCENARIO

LEMON SCENARIO

We think that [f forensics matched the bullets
in Mr Body’s body with the found gun, then the
suspect Mr Green possibly had the means to
murder Mr Body.

We think that If broken glass was found, then
Mr Body’s window probably wasn’t broken
\from outside.

If someone says Forensics matching the bul-
lets with the found gun means Mr Green very
\probably had the means to murder Mr Body.

If someone says Broken glass being found
means Mr Body’s window probably was bro-
ken from outside.

Then it would be reasonable to think that th
S1) Mr Green fired the gun found in the garden.
S2) The gun found in the garden is the murder

ey are assuming
S1) Broken glass was found inside the window.
S2) The suspect Mr Green argued with Mr

weapon. Body last night.

S3) Mr Green fired the murder weapon. S3) Mr Body was killed from outside the win-
dow.

S4) Mr Green murdered Mr Body. S4) Mr Green was in the garden at the time of
death.

S5) None of the above are suitable as assumptions. A more likely assumption (in light of what
our system understands) is [LINK TO LIST OF PROPOSITIONS]
S6) It is not appropriate to think they are assuming anything.

Fig. 4. Crimson and Lemon scenarios for user trials

tions. These requirements were addressed by presenting our subjects with the following
options (Figure 4): (S1-S4) a list of four candidate suppositions (one was the top sup-
position recommended by BIAS, and most of the others were considered by BIAS to be
reasonable options); (S5) an option to include an alternative supposition (the subjects
were provided a link to a list containing the propositions in the BN, but could also write
a supposition of their own); and (S6) an option to state that they didn’t believe that any
suppositions were required.

The order of presentation of the suppositions was randomized across the scenarios.
However, for the discussion in this paper, BIAS’ preferred supposition is always S1. The
trial subjects had to award a rank of 1 to one option and could optionally rank additional
alternatives (with inferior ranks). This allowed respondents to ignore suppositions that
didn’t make sense to them, while enabling them to include more than one option that
seemed reasonable. At the same time, the results obtained by this method enable us to
determine whether BIAS’ suppositions are considered sensible, even if they are not our
subjects’ top-ranked preferences.

Our four scenarios were considered by 34 participants. Many of the respondents had
not been exposed to BIAS previously and were from outside the industry. The responses
for the Lemon and Mauve scenarios were clear cut, while the responses for the Crimson
and Sienna scenarios were more ambiguous, but still positive. The results for these
scenarios are shown in Table 3. The top rows for each scenario contain the suppositions
that were preferred by the trial subjects, and the bottom row lists the total responses for
each scenario and for the different ranks (recall that the only rank that had to be given
was 1). The columns contain the total number of respondents that ranked a supposition
(Total), and the number of respondents that ranked it first (R1), second (R2) or gave it
a lower rank (Other). Our results are summarized below.
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Table 3. Ranking of candidate suppositions for the four scenarios

LEMON SCENARIO (Total R1 R2 Other|| MAUVE SCENARIO |Total R1 R2 Other
Supposition S1 30 30 0 O |/Supposition S1 25 19 4 2
Supposition S3 11 0 11 0 |/Supposition S5 14 8 5 1
Total responses 51 34 12 5 ||Total responses 62 34 16 12
CRIMSON SCENARIO|Total R1 R2 Other||SIENNA SCENARIO|Total R1 R2 Other
Supposition S1 20 10 8 2 |[Supposition S1 + S3 30 20 6 4
Supposition S2 18 11 3 4 ||Supposition S4 16 7 6 3
Total responses 75 34 21 20 ||Total responses 69 34 19 16

— Supposition S1 was clearly the most favoured choice for the Lemon scenario, with
30 of the 34 respondents ranking it first. Supposition S3 was clearly the next best
choice, with 11 trial subjects giving it a rank of 2.

— Supposition S1 was the preferred choice for the Mauve scenario, with 19 of the 34
respondents giving it a rank of 1. The next best choice was the Alternate Supposi-
tion, with only 8 subjects ranking it first. There were no clear preferences for rank
2, with all options receiving this rank at least once, but never more than five times.

— Suppositions S1 and S2 for the Crimson scenario were similarly ranked (each
ranked first by about 1/3 of the subjects), with Supposition S1 being favoured
slightly over S2, but not significantly so. The other options were ranked first only
by a few trial subjects.

— The responses for the Sienna scenario presented us with a special case. The results
of the first 22 responses and the comments provided by our trial subjects indicated
that there was some confusion due to the wording of the instructions and the fact
that, unlike the other scenarios, the Sienna scenario included a True and False ver-
sion of the same node (Supposition S1 was “The time of death was 11 pm last night”
and S3 was the negation of S1). Further, Supposition S3 supports the “We think that”
version, while S1 supports the “If someone says” version. As a result, most of the
respondents were divided between giving a rank of 1 to Supposition S1 or Supposi-
tion S3. Nonetheless, the main outcome from this scenario is that regardless of how
the respondents read it, they clearly felt that a supposition had to be made about the
“time of death” node, which was ranked first by 20 of the 34 respondents.

— Opverall, very few trial subjects felt that no suppositions were warranted (9 for all the
scenarios combined). Further, BIAS’ preferred supposition was consistently ranked
first or second, with its average rank being the lowest (best) among all the options.

These results justify the importance of making suppositions, and indicate that the
suppositions made by BIAS not only are considered reasonable by people, but also have
significant support.

6 Conclusion

We have offered a mechanism that postulates suppositions made by users in their ar-
guments, and have shown how this mechanism is incorporated into our argument in-
terpretation process. Our mechanism includes a procedure for generating suppositions,
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a method for calculating the probability of a set of suppositions, and a formalism for
incorporating this probability into the probability of an interpretation.

An important feature of our system is its stability, in the sense that it does not match
spurious beliefs (that don’t follow a “sensible” line of reasoning). That is, the system
will posit a supposition for a node only if it yields a payoff, i.e., a substantially better
match between the beliefs in an interpretation and those in a user’s argument. This
behaviour is a result of BIAS’ inherent reluctance to posit suppositions, combined with
its reliance on a rigorous reasoning formalism, such as BNs, which requires the beliefs
in the system to be consistent.

Finally, the results of our evaluation show that our trial subjects found BIAS’ sup-
positions to be both necessary and reasonable, with its preferred suppositions being
top-ranked or top-2 ranked by most subjects.
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Abstract. This paper discusses the automatic generation of programs by adapt-
ing the construction process to the user currently interacting with the program.
A class of such systems is investigated where such generation process is con-
tinuously repeated making the program design and implementation evolve ac-
cording to user behaviour. By leveraging on existing technologies (software
generation facilities, modelling languages, specific and general standard meta-
models) an experimental proof of concept system that is able to generate itself
while interacting with the user is introduced and tested. The findings are dis-
cussed and a general organization for this class of adaptive systems is briefly
proposed and compared with existing literature.

1 Introduction

Generative Programming (GP) is a set of techniques that enables programs to be
automatically constructed from smaller domain-specific artifacts [5]. We focus here
on model artifacts only, and on Model Based Generative Programming. With the term
model we mean representations of generic discrete information (including application
domains, algorithms, user models etc.) expressed as UML 2.0 [4] diagrams. By using
this representation formalism we can take advantage of the large diffusion of this
language and the wide array of supporting technologies and existing domain-specific
standard models available. UML 2.0 is a powerful language that allows expressing
sophisticated representations and some fine-grained behavior thanks to the Object
Constraint Language' (OCL). Model Based Generative Programming with UML is
commonplace in some GP technologies that transform business domain models into
software executables for a given technology scenario such as the Model Driven Ar-
chitecture (MDA) approach [8], that unfortunately lack user-adapted features. This
paper is structured following a general-to-particular organization. The following sec-
tion 2 discusses some general introductory concepts. Section 3 briefly introduces a
proposed class of user-adapted systems of interest and section 4 shows a concrete
prototype application of such systems. The paper concludes with a comparison with
existing literature and a summary.

' An introduction of the OCL language can be found at http://www.klasse.nl/ocl/ocl-

definition.pdf. In the following for brevity we will report only structural class diagrams while
avoiding other details such as other diagram types or OCL code.

L. Ardissono, P. Brna, and A. Mitrovic (Eds.): UM 2005, LNAI 3538, pp. 30-39, 2005.
© Springer-Verlag Berlin Heidelberg 2005
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2 Modeling Abstraction Layers

Following [1, 4] our generic models are organized in abstraction layers. This approach
to knowledge organization involves descriptions of abstraction levels placed on top of
other abstraction levels. Each level (except the lowest one) can be thought of a model
and the "level below" as an instance of that model. Figure 1 shows such organization'
(focusing only on UML models for
simplicity). The abstraction levels in
Figure 1 are discussed in the following.

Level Mj
Level O represents the instance
level, i.e. the execution of a give
program in a given time in a given .o . Meranoael Metamodel
context (user, underlying hard- : !
ware and OS, etc.). For uniform-
ity we call (inexactly) models also
the items in level 0, which are not *"* ™ nodel m
models but rather real world .
“runs” of a given program. N
Level 1 represents the abstraction —revel m parcicular Jpnother
model common to most pro- ot m
gramming languages. We will
make the assumption that Object- Fig. 1. Layers of abstraction for models
Oriented (OO) code and UML
diagrams are equivalent and rep-
resented at this level of abstraction. A source code (or an equivalent level 1
model M;) can be thought of as an abstraction over a set of executions (i.e. M,
instances).
Level 2 represents a model for expressing level 1 models, i.e. a metamodel. The
UML modeling language can be thought of as a general metamodel representing a
vast set of models (OO models). More specific metamodels can be defined for spe-
cific domains. For example, the JCP26 specification could be seen as a partial
metamodel that describes the technical details of Enterprise Java Beans (EJB) tech-
nology architecture’. EML and its successor IMS Learning Design are metamodels
that describe the design of units of learning from a pedagogical perspective [11, 12].
Level 3 is yet another level of abstraction upon level 2 and it is a model repre-
senting metamodels (or, alternatively, a meta-metamodel). An example is the
Meta Object Facility (MOF) for Model Driven Architectures (MDA)[S8].
Theoretically, more abstraction layers can be thought on top of Mj [14]. For
simplicity we will deal in this paper only at most with level 2 models.

./

Another
UML model
o

‘\
./

'/

In order to generate a model from level M;,, to M; specific model transformations are

applied. Usual compilation techniques (including linking and all other processes that
transform source code and other artifacts in an executable for a given execution plat-
form) can be thought of as the standard transformation for mapping M; to My models.

% The JCP26 specification is available at http://www.jcp.org/en/jsr/detail 2id=26.
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3 A Class of Generative Systems

As a particular class of Generative Systems we define Recombining Systems (RS) as
a class of interactive Generative Systems that are able to modify themselves at run-
time by means of a set of explicit models while interacting with the user and or other
external sources. The typical runtime cycle of a RS is shown in Figure 2.

Hence, recombination is defined as

(1) The System

particular model transformation that Interacts with
. . . External Sources
preserves runtime session consistency
even though it alters (recombines) the (4)Sean1 e8Py D\
. Deploy the/Syst Sgombine the
system from M; down to M, Runtime °%a zuntime syl = Hoduls
. . . . e i Pain
session consistency is defined as the Session Data Recombination Hodel

ability of maintaining a substantial part
of the runtime application’s state. Intui-
tively, using a term from Self-Organizing
System theory [10], RS could be thought
of remaining in a sort of (very simlple) Fig. 2. The basic cycle of RS
stationary state during their evolution .

Software that is generated only once at
deployment time (a common application of GP) is not considered a RS because does
not satisfy the cycle in Figure 2. Differently from non-RS software systems, RS
evolve their (user-perceived) runtime state through explicit models at various levels of
abstraction. The level of a RS is defined as the highest abstraction layer that is af-
fected (i.e. modified) during the recombination phase. A level 2 RS is a system that is
able to modify at runtime its own generating metamodels (M;) and possibly also its
models (M1)3. For brevity we don’t discuss here RS. In this paper we will focus on a
particular class of RS that use an explicit model of the user for driving the recombina-
tion process. We will call these systems User-Adapted Recombining Systems
(UARS).

(3) Generate
the System

3.1 User-Adapted Recombining Systems

UARS are systems that are defined in terms of models at various abstraction layers
and that modify some of these models in order to evolve following user’s needs.
UARS can be thought of user-centered RS. UARS recombine themselves basing upon
particular representations of the user called Recombining User Models (RUM). These
models drive the transformations from higher level models down to executable code.
Ideally, RUM could be thought of models of the user as a software designer. When
manufacturing traditional software, designers and developers go through cycles of
application tuning and testing before releasing the product to end users. By distilling
this knowledge in very specialized models (both for technology and domain logic) it

3 Usual interactive adaptive systems can be thought of as level 0 RS in that the adaptive model
is defined once for all at level 1 (i.e. in the system source code or some equivalent models)
and it is actuated at level O (i.e. in the various execution instances).
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is possible to automate part of this process for some limited domains and technolo-
gies. Through recombination cycles UARS evolve accordingly to user needs. UARS
(and RS as well) can be seen as systems where the design and execution phase (ha-
bitually two distinct phases in traditional software manufacturing) collapse into a
unique augmented runtime phase, where the System converges on (model-
represented) user’s needs through recombination cycles. Of course, in order to enable
this architecture a number of complex models and model transformations need to be
built up front. We now introduce some definitions that will be used in the following
(the subscript i to indicate a generic abstraction level): Recombining User Model
(RUM)) is the model that drives the user-adapted generation of the system. System
User Model (SUM,) is the representation of user as of the adaptation performed out-
side the Recombining phase. Classic user adaptation falls into this category of mod-
els. System Model (SM;) is the model that describes the system functional domain.

Recapping, UARS embody a generic®, radical form of user-driven adaptation that
hides both underlying technology and other non-meaningful details providing a very
high level of representation (the models could even be shown to those end users fa-
miliar with UML). If well designed, models and ontologies can be reused in other
contexts as well. In the following we introduce a simple prototype UARS Computer-
based training system (CBT) modeled for training students in basic OO design.

4 A Case Study on a CBT System for OO Design

As a proof of concept of the UARS approach to adaptive systems, to test its practical
feasibility and effectiveness we developed a number of prototypes refining a number
of techniques that were used to design and implement a simple UARS prototype that
will be presented in the following. We simplified in a number of ways the power of
the system: the recombining level has been kept to a minimum and preexisting stan-
dards have employed as much as possible in the design of the metamodels.

4.1 Domain Choice

In order to stress the UARS approach in a challenging application domain we devel-
oped a simple user-adapted computer-based learning system training students on basic
00 class diagrams (OOCD) design focused on OO design patterns (OODP)’. A num-
ber of reasons influenced our decision: (i) computer-based learning and the related
fields are domains with an already relatively large number of standard metamodel
initiatives and specifications that speeded up the design of the metamodel for our test
system; (ii) knowledge of the domain helped the design and development; (iii) user
adaptation has been studied and applied extensively in this and related fields provid-
ing an important research background for our work.

* The proposed approach is both technology and application agnostic; for example Adaptive
Hypermedia systems can be developed as UARS, as well as Web-based adaptive applica-
tions, wireless applets, etc.

5 A list can be found at: http://home.earthlink.net/~huston2/dp/patterns.html.
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Learners use a well-known software development platform, Eclipse® for designing
their class diagrams; in case of need they can ask advice to our prototype for designs
having a similar use. The System suggests learners with the class diagrams which
most closely match the current learner’s software design style retrieved from a prede-
fined library of recurring designs drawn from standard OODP. A screenshot of the
prototype System is provided in Figure 3.

Our objective was to use UARS to represents explicitly the learner’s design style
and experience. In order to do so we employed the concept of learner’s perceived
affordance for a given design. In general this term refers to the actionable properties
of some objects as perceived from an actor [9] and successively was adapted to the
design of interactive artifacts [13]. Our hypothesis is that designers maintain an (often
implicit) conceptual representation of the possible use of a given design while crafting
or employing it. These representations are subjective. Design in general (and OO
software design in particular) is a rather subjective process and there may not exist the
right design for a given situation but rather a set of valid alternatives. We assumed
that learners develop their own subjective design style by evolving an implicit set of
affordances for designs. We explicitly represented these styles in our system by
means of user-perceived relevance functions (RF) between different designs, that we
will call m,.”

Our prototype’s user model contained a set of software implementations of RF
{M,'} evolved by means of user feedback f,. These {M,'} are algorithms (represented
as executable Java classes) generated through the UARS cycle exposed before, return-
ing a value €[0,1] and a confidence measure ¢, €[0,1]. We assumed that during their
learning process learners continuously refine m, adapting it to new scenarios and
solutions. The final value M, (our prototype’s representation of m,) is obtained as:
Mulmax(cui) VM, {M,}. If no RF has a confidence value higher than a minimum
(that we set empirically to 0.35) then a new recombination phase is launched, as dis-
cussed later, and the result value obtained from the new RF is provided to the learner.
Recombination comes into play in those situations where no {M,’} returns a confi-
dence value higher than a minimum.

In these cases our prototype resorts to obtain a new M,/ that is inserted in {M,} as
follows. Randomly®, 10 new RF are generated from the SUM, metamodel in Figure 4,

® Eclipse was employed both as the application domain technology —our prototype was pack-

aged as an Eclipse plug-in- and as the technology for implementing code generation (thanks
to technologies like EMF and JET). The Eclipse project can be accessed at:
http://www.eclipse.org.

The function my(d;, d;)—[0,1] represents the distance between two OOCD designs d;, d, as
perceived by the user. Two designs that afford similar uses have a small distance m,. As
regards the suggestion phase, given the user design d, the System provides another design
dgr I my(d,, dg) £my(d,, dx) V dx € Library.

The SUM, transformations used in our prototype are capable of providing 6x6x8x8 combi-
nations, thus generating 2304 different RF (i.e. SUM, instances) drawn from standard Ma-
chine Learning algorithms taken from the WEKA library (http://www.cs. wai-
kato.ac.nz/ml/weka/) and from a family of ad-hoc, keyword based algorithms.
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Fig. 3. A prototype screenshot

each represented as a Java class (equivalent to a SUM; model) that are used to train
all M/, but only one is kept (the others are discarded) by choosing the one that better
resembles the last (chronologically) feedback f, (used as the fitness parameter [8]).
This is the recombination algorithm, driven by RUM, (note that f, are also used for
classic SUM, user adaptation). A “renting” parameter is used to delete those RF that
don’t provide anymore values close enough to user’s feedbacks. The user provides a
feedback f, by indicating the closest design available in the Library together with a
distance value. '

To recap, an instance of SUMj in our prototype contains a set of RF {M,'} tracking
the evolution of user’s m,. An instance of RUMj instead contains past learner’s feed-
backs {f,}. Figure 4 shows the structure of both the RUM, and the SUM, designed for
the prototype.

The following transformations occur at every recombination cycle (see Figure 2)
after a cold-start preliminary phase (where 10 feedbacks were preliminary provided in
order to tune a default startup RF): (1) User provides feedback to the System.

The feedback is added to the runtime instance RUM, and to the SUM,’. (2) RUM,
is used for seeding the adaptation of the level 1 model generation (see discussion
above). (3) After the level 1 models have been generated, they are assembled together
to provide executable code. In our prototype we generate only a new class represent-
ing a new M,". (4) The newly generated executable code is deployed and dynamically

° The same user feedback thus performs a twofold purpose: as a part of SUM, is provided to
past generated metrics for fine parameters tuning, while as part of RUM is used to drive the
recombination process and create new metrics.
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Fig. 4. Some models used in the prototype'’

loaded into the previous running session, in a seamless fashion (from the end user
point of view). In our prototype a new metric class is added to SUM,. The recombina-
tion cycle is all performed locally on the client machine. In order to curb complexity
and boost performances we adopted a focused generation technique that concentrates
recombination and adaptation on some model (and then code) areas only'".

4.2 Empirical Evaluation

For evaluating our prototype, following carefully the advice provided by [3], we pre-
pared a special version of the system that was used to support 16 users in solving 4
design problems in diverse application domains that could be solved using a single
OODP. Users did not know that there was an adaptive system behind the graphic
UML editor. The first and the second problem could be solved using the same OODP;
so did the third and fourth problem. Between a problem and the next users were asked
to pay attention to 5 suggested tentative solutions provided by the system. Some of
these suggestions were provided by the prototype (using the user design), others were
provided non-adaptively'?. Users were asked to assess if, in their opinion, those sug-
gested designs could solve the given problem. Users’ designs were judged blindly by
an expert and a score was obtained for each design. Differences between scores of
paired designs were calculated separating those pairs where suggestion was provided
adaptively from those where suggestions were not adapted.

The SUM,metamodel presented in Fig. 4 was designed as a test bed of complex modeling
situations for testing the UARS approach rather than a reusable asset. The UML stereotype
<<from IMS LD2>> represents the IMS Learning Design metamodel. In order to pro-
mote metamodel reuse a number of decompositions have been performed on the metamod-
els that are not reported here for brevity.

Runtime deployment of the newly generated code is performed using custom Java class
loaders. Runtime context (i.e. level 0 data) is passed from one generation to the next
through object serialization.

Non-adaptive suggestions were provided by randomly picking 4 designs and adding the
correct answer among them, in the form of the abstract template of the OODP solving that
problem.
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Table 1. Empirical Evaluation Results

i -24 -24 2 5 2 4 5 4 3 4 5 5 4 500
gij) -3 -3 .1 -2.1 3 .1 -3.1 .1 2 .1 .1 .1 0 .1 0 0

The results from Table 1 (first row are the scores obtained with the adaptive tool,
in the second row there are the scores obtained without adaptive support) clearly show
the benefit of the adaptive tool. Furthermore, we used the Wilcoxon Signed-Rank
Test for paired data [6] to detect whether the two samples (from two continuous, as-
sumed independent and non-normal distributions) were statistically unrelated or not.
The Null hypothesis in our experiment was “The statistical populations are the same,
i.e. there is no difference in performance between the adaptive and the non-adaptive
metric”. Given the test results found"® we can conclude that the Null hypothesis can
be rejected and the alternative hypothesis (“The differences observed between the two
distributions are not due to chance but are due to the difference between the popula-
tions they belong to””) can be accepted proving the usefulness of the UARS approach
in our prototype.

4.3 Lessons Learned

We found that UARS have a number of advantages over more traditional adaptive
systems, even if they are much more labor-intensive to set up (at least with current
technology): (i) they represent adaptive and system functional models at a high level
of abstraction, isolated from implementation and other non meaningful details. Clear
and more maintainable representations are thus encouraged; (ii) they may take advan-
tage of existing standard metamodels, ontologies and other modeling facility (which
are growing in many application domains) thus reusing knowledge representations;
(iii) by taking advantage of generative technologies they provide a very powerful and
general adaptation mechanism that includes as a particular case classic adaptation
techniques; (iv) such systems are particularly useful for generating user-tailored soft-
ware for devices where computing resources don’t allow for sophisticated client-side
user adaptation.

5 Related Work

User-adapted generative technologies are increasingly being studied in user-tailored
ubiquitous software [2, 15] for computing devices with limited resources where user-
adapted code generation can be performed on remote servers at deployment time.
Despite some research in the convergence area of GP and user modeling ([2] intro-
duces an architecture for personalizing applications based on a model-driven, user

13 We obtained a pValue= 8.4104E-4, less than the Significance Level set at the beginning of the
experiment (0=0.01). We used an open source implementation of the test available at:
http://rana.lbl.gov/~nix/.
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centered approach), the adoption of GP techniques together with “strong” user adapta-
tion for general systems is still missing.

Some work focused on investigating the adoption of Software Engineering tech-
niques and approaches to Adaptive Hypermedia (AH) systems. The Munich Refer-
ence Model [16], aimed at providing a formal reference model for AH systems, using
UML (with OCL) and providing a user and adaptation metamodels together with a
comprehensive design method and development process for AH applications. These
initiatives focused on engineering AH applications development by adapting state-of-
the-art techniques and methodologies, providing a comprehensive framework that
anyway lacks enough flexibility and expressive power to handle powerful adaptation
models and non-standard situations (quite the norm in intelligent adaptive applica-
tions). The use of the UML language for generating navigation sequences for Web-
based systems was investigated [7].

Our proposed approach is different in several ways from the previous contributions
in that it embodies a somehow visionary yet general programming approach (see
section 3) that still needs to be fully explored. Far from being limited to technological
aspects only (model-based knowledge representation and GP techniques) our pro-
posed approach allows the definition of technology-independent, powerful user mod-
els at several abstraction layers. Moreover, the introduction in the field of user adapta-
tion of rich metamodels suitable for code generation can foster standardization and
reuse both in vertical domains (as it is happening on the software technology front)
and as a general modeling foundation for an infrastructure for a rich set of user mod-
eling services. As an example of the proposed approach we crafted a simple yet pow-
erful and innovative UARS capable of modeling explicitly and at a high level user’s
subjective OO software design styles.

6 Summary and Conclusions

We introduced an original application of GP and user modeling technologies and
approaches for designing and building highly adaptive interactive systems. One proto-
type that adopts this approach has been developed and preliminarily tested showing
the effectiveness of the proposed concepts. Such a prototype system is able to track
and represent user-perceived relevance metric by means of models that drive the gen-
eration of its own code. The preliminary prototype tests revealed an added value
compared to non-adaptive representations, even if more accurate testing are needed.

Concluding, the UARS approach seems extremely promising given its ability to
express complex systems by means of high-level abstraction models that can be used
to drive code generation, shielding both end-users and knowledge engineers from
technology details. The simultaneous emergence of standard modeling specifications
expressed in UML for specific domains and the development of GP technologies
supporting UML will simplify the adoption of user model-driven GP. In the future we
expect certain application fields (like the user models-based generation of ubiquitous
computing software or user interfaces) to benefit from the technologies and ap-
proaches discussed here.
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Abstract. We present further developments in our work on using data from real
users to build a probabilistic model of user affect based on Dynamic Bayesian
Networks (DBNs) and designed to detect multiple emotions. We present analy-
sis and solutions for inaccuracies identified by a previous evaluation; refining
the model’s appraisals of events to reflect more closely those of real users. Our
findings lead us to challenge previously made assumptions and produce insights
into directions for further improvement.

1 Introduction

The assessment of users’ affect is increasingly recognized as an informative task
when attempting to improve the effectiveness of interactive systems. Information on
the user’s affective state is particularly important when the user is focused on a highly
engaging task where inappropriate system interventions may be especially disruptive,
such as learning in simulated environments and educational games.

Educational games attempt to stimulate student learning by embedding pedagogi-
cal activities within a highly engaging, game like environment. We are working to
improve the pedagogical effectiveness of these games by producing intelligent agents
that monitor the student’s learning progress and generate tailored interactions to im-
prove learning during game playing. To avoid interfering with the student’s level of
engagement, these agents should take into account the student’s affective state (in
addition to her cognitive state) when determining when and how to intervene.

Assessment of emotions, particularly the multiple specific emotions that educa-
tional games can generate, is very difficult because the mapping between emotions,
their causes, and their effects is highly ambiguous [10]. However, we believe that
information on specific emotions may enable more precise and effective agent’s in-
terventions than a simpler assessment of arousal or valence (e.g.[1]), or stress [7]. To
handle the high level of uncertainty in this modeling task, we have devised a frame-
work for affective modeling that integrates in a Dynamic Bayesian Network (DBN)
information on both the causes of a user’s emotions and their effects on the user’s
behavior. Model construction is done as much as possible from data, integrated with
relevant psychological theories of emotion and personality. The inherent difficulties

L. Ardissono, P. Brna, and A. Mitrovic (Eds.): UM 2005, LNAI 3538, pp. 40-49, 2005.
© Springer-Verlag Berlin Heidelberg 2005
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of this task include: the novel nature of the phenomena that we are trying to model,
the limited existing knowledge of users’ emotional reactions during system interac-
tion, especially within the context of educational games, and the difficulty of observ-
ing variables that are key to the assessment of affect.

We have been using data collected in a series of studies (e.g. [3,11]) to construct a
probabilistic model of the user’s affective state that is based on the OCC model of
emotions [9]. The data from our most recent study [4] was used to evaluate the model
we have built so far. Although there have been evaluations using aggregated data [6]
and evaluations of sources of affective data (e.g.[2]), to the best of our knowledge this
is currently the only evaluation of an affective user model embedded in a real system
and tested with individual users. Our results showed that if the user’s goals could be
correctly assessed then the model could produce reasonably accurate predictions of
user affect, but also revealed some sources of inaccuracy that needed to be addressed.
We recognize that the assessment of the user’s goals must be improved before the
model can be used autonomously within a real system. However, solutions for the
other sources of inaccuracy within the model’s emotional assessment will help clarify
the full requirements of the goal assessment task.

In this paper we address previously identified inaccuracies within the model’s
mechanism of emotional appraisal. We then re-evaluate the refined model, producing
insights into additional refinements that would produce further improvement.

2 The Affective User Model

Fig. 1 shows a high level representation of two time slices of our affective model. The
part of the network above the nodes Emotional States represents the relations between
possible causes and emotional states, as they are described in the OCC theory of emo-
tions [9]. In this theory, emotions arise as a result of one’s appraisal of the current
situation in relation to one’s goals. Thus, our DBN includes variables for Goals that a
user may have during the interaction with an education game and its embedded peda-
gogical agent (for details on goal assessment see [11]). Situations consist of the
outcome of any event caused by either a user’s or an agent’s action (nodes User
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N4 - —
U(S)el"tA'i:llﬂﬂ it Agent Action| | Can you grab a hex that doesn't
utcome Outcome have a common factor with 97

N

causal
assessment

( Emotional@-—}( Emotional State;

PR SN . U S— - diagnostic
| I 1 1l
| I Il Il
i | : |
t \ ;| tia . )

Fig. 1. Two slices of our general affective model Fig. 2. Prime Climb interface
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Action Outcome and Agent Action Outcome). An event’s desirability in relation to the
user’s goals is represented by Goals Satisfied, which in turn influences the user’s
Emotional States. The part of the network below the nodes Emotional States provides
diagnostic assessment from bodily reactions known to correlate with emotions.

We have instantiated and evaluated the causal part of the model to assess players’
emotions during the interaction with the Prime Climb educational game. In the rest of
the paper we will focus on the refinement and evaluation of the appraisal part of this
causal model (the bold nodes and links in Figure 1).

2.1 Causal Affective Assessment for Prime Climb

Figure 2 shows a screenshot of PrimeClimb, a game designed to teach number fac-
torization to 6™ and 7™ grade students. In the game, two players must cooperate to
climb a series of mountains that are divided in numbered sectors. Each player should
move to a number that does not share any factors with her partner’s, otherwise she
falls. Prime Climb provides two tools to help students: a magnifying glass to see a
number’s factorization, and a help box to communicate with the pedagogical agent we
are building for the game. In addition to providing help when a student is playing with
a partner, the pedagogical agent engages its player in a “Practice Climb” during
which it climbs with the student as a climbing instructor.

The affective model described here assesses the student’s emotions during these
practice climbs. Figure 3 shows the appraisal part of this model created after the stu-
dent makes a move. As the bottom part of the figure shows, we currently represent in
our DBN 6 of the 22 emotions defined in the OCC model. They are Joy/Distress for
the current state of the game, Pride/Shame of the student toward herself, and Admira-
tion/Reproach toward the agent, modeled by three two-valued nodes: emotion for
game, emotion for self and emotion for agent.

Let’s now consider the workings of the part of the model that assesses the student’s
situation appraisal in Prime Climb. In this part of the model the links and Conditional
Probability Tables (CPTs) between Goal nodes, the outcome of the student’s or
agent’s action, and Goal Satisfied nodes were based on subjective judgment because
our previous studies focused on collecting data to refine the model’s assessment of
student goals. For some links, the connections were quite obvious. For instance, if the
student has the goal Avoid Falling, a move that results in a fall will lower the prob-
ability that the goal is achieved. For other goals, like Have Fun and Learn Math, the
connections were not obvious and we did not have good heuristics to create the ap-
praisal links. Thus we postponed including them in the model until we could collect
data from which to determine an appropriate structure.

The links between Goal Satisfied nodes and the emotion nodes are defined as fol-
lows. We assume that the outcome of every agent or student action is subject to stu-
dent appraisal. Thus, each Goal Satisfied node influences emotion-for-game (Joy or
Distress) in every slice. If a slice is generated by a student action then each Goal
Satisfied node influences emotion-for-self (slice t; in Fig. 3). If a slice is generated by
an agent’s intervention, then emotion-for-agent is influenced instead (slice not shown
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Fig. 3. Sample sub network for appraisal after student action

due to lack of space). We also assume that a student either has a goal or does not (i.e.
we do not model goal priority) and that the student has the same goals throughout the
game session. The CPTs for emotion nodes were defined so that the probability of the
positive emotion is proportional to the number of true Goal Satisfied nodes.

When we evaluated the affective model that included this version of the appraisal
component [4], we discovered two main sources of inaccuracy:

Source 1: Joy and Distress due to student actions. The absence of links (as shown
in Fig. 3) between the outcome of a student’s move and the satisfaction of goals Have
Fun and Learn Math made the model underestimate the positive emotions towards the
game for students that only had these goals. This reduced the model’s accuracy for
Joy from 74% to 50% and highlighted the need to collect data to create the missing
links. The model also underestimated the negative emotions felt by some students
when falling repeatedly and thus had low accuracy for Distress of 57%.

Source 2: Admiration and Reproach towards the agent. The subjective links be-
tween agent actions and goal satisfaction had caused the model to underestimate the
students’ positive feelings towards the agent. This produced an accuracy of 20.5% for
Admiration and 75% for Reproach, further highlighting the need to collect data to
refine the connections in the appraisal part of the model.

3 User Study

The general structure of this new study was similar to the previous one. Sixty-six 6"
and 7" grade students from 3 local schools interacted with Prime Climb, and, during
the interaction, were asked to report their feelings towards the game and towards the
agent using simple dialogue boxes. However, while in the previous study the agent
was directed in a Wizard of Oz fashion, in this study the agent was autonomous and
based its interventions on a model of student learning [5]. While the model of student
affect was dynamically updated during interaction, the pedagogical agent did not use
it to direct its interventions. However, the assessments of the affective model were
included in the log files, for comparison with the student’s reported emotions.

As in the previous study, students completed a pre-test on number factorization, a
post-questionnaire to indicate the goals they had during game playing, and a personal-
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ity test. However, they also filled in two additional questionnaires, one on game
events that could satisfy the goal Have Fun and one on events that could satisfy the
goal Learn Math. Each questionnaire contained a list of statements of the type ‘7
learnt math/had fun when <event>’ which students rated using a 5-point Likert scale
(1=strongly disagree, S=strongly agree). The events listed included:

For Have Fun — all student actions already in the model (a successful climb, a fall,
using the magnifying glass, using the help box), reaching the top of the mountain.
For Learn Math

— all student actions already in the model (the same as above), following the
agent’s advice, and encountering big numbers.

— agent interventions already in the model that were intended to help the student
learn math (reflect on reasons for success, reflect on reasons for failure), think
about common factors, and use the magnifying glass.

The italicized items at the end of each list above had not been explicitly included in
the model before, but were added based on anecdotal evidence suggesting that they
may help to satisfy these goals. We did not ask students about agent actions that satis-
fied the goal Have Fun or other events that already satisfied other goals within the
model due to limitations on time and to avoid students becoming fatigued.

4 Refinement of the Model’s Causal Affective Assessment

Before discussing how we refined the model using data from the new study we de-
scribe how well the existing model performed on the new data set.

We measured the model’s accuracy as the percentage of assessments that agreed
with the students’ reports for each emotion pair (e.g. Joy/Distress). If the model’s
corresponding assessment was above a simple threshold then it was predicting a posi-
tive emotion, if not then it was predicting a negative emotion. The threshold was
determined using the data from our previous study [4].

Table 1 shows the accuracy obtained using three-fold cross-validation when the
goals students declared in the questionnaire are used as evidence in the model; each
iteration used one-third of the data as a test set. The results show that the inaccuracies
discussed earlier still affect the model’s performance on the new data set. The high
variance for Joy is due to one test set containing some students who only had the
goals Have Fun or Learn Math, thus the model underestimated their positive re-

Table 1. Emotional belief accuracy of the initial model for the new data set

Emotion Accuracy (%)
Mean Std. Dev. Total data points

Joy 66.54 17.38 170
Distress 64.68 29.14 14
Combined J/D 65.61

Admiration 43.22 12.53 127
Reproach 80.79 6.05 28
Combined A/R 62.00
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sponses. The high variance of Distress is due in part to the small number of data
points, but it is also due to the model underestimating the negative feelings of some
students who fell repeatedly. The low accuracy for Admiration and high accuracy for
Reproach agree with the results of our previous study.

4.1 Assessment of Joy Due to Student Actions

The students’ answers to the questionnaires indicated that all of the events related to
student actions were relevant to some degree. We therefore scored all possible net-
work structures using their log marginal likelihood [8], as we did for [11], in order to
determine which events made a difference to the model’s assessments. We found that
(i) the outcome of the student’s move influenced the satisfaction of the goal Have Fun
and (ii) whether the student encountered a big number influenced the satisfaction of
the goal Learn Math.

We included these findings in the model as follows. First, we added a node for the
new event, Big number, and corresponding links to goal satisfaction nodes. We based
our definition of a big number on the large numbers frequently incorrectly factorized
in the students’ pre-tests. Second, we used the study data to set the CPTs for the goal
satisfaction nodes for Have Fun and Learn Math. Fig. 4 shows the revised time slice.
Each new node and link is drawn using heavier lines.

4.2 Appraisal of Agent Actions

As mentioned earlier, the model’s initial accuracy of assessing emotions towards the
agent showed that we needed to revise and refine the existing links modeling how
appraisal of the agent’s actions affects players’ emotions. Data analysis targeting this
goal consisted of two stages.

Stage 1. First, we analyzed students’ questionnaire items related to the influence of
agent’s actions on the goal Learn Math. We scored all possible network structures
using their log marginal likelihood and found that our current structure received the
highest score. Therefore our only refinement to the model based on these findings was
to use the study data to refine the CPTs linking agent actions to the satisfaction of the
goal Learn Math. However, a preliminary evaluation of these changes showed that the
model was still underestimating students’ admiration toward the agent. Thus, we
moved to a second stage of data analysis.

t After student’s action
i

Successful Move

User’s Goals

:
{Emotions
H

Fig. 4. Revised sub-network for appraisal after student action
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Stage 2. We analyzed the log files of each student’s session to identify situations in
which students gave positive or negative reports towards the agent. The results are
shown in Table 2. Congratulation by the agent (first row in Table 2) was already in-
cluded in the original model as satisfying the goal Have Fun. Our data confirms that
this action generates students’ admiration, although it cannot tell whether this happens
through the satisfaction of the goal Have Fun.

The second situation in Table 2 shows that students who are generally successful
are usually either happy or neutral towards the agent, regardless of their goals. This
suggests that the students’ positive feelings toward the game will positively influence
their attitude towards the agent. We translated this finding into the model by adding a
link from the student’s emotion towards the game in the previous time slice to the
student’s emotion towards the agent. This new link, and all the additions described
below, can be seen in Figure 5.

The final two situations in Table 2 show reported feelings towards the agent when
the student was falling and either received help or did not. Analysis of these situations
revealed that approximately half of the students who reported reproach and half of the
students who reported admiration when the agent intervened had declared the goal
Succeed By Myself. This seems to indicate that, although some of the students may
have wanted to succeed by themselves most of the time, when they began to fall they
reduced the priority of this goal in favor of wanting help. This invalidates two of the
choices previously made in the model implementation: (i) to ignore goal priority; (ii)
to assume that goals are static during the interaction. Because we currently don’t have
enough data to model goal evolution in a principled way, we only addressed the im-
plementation of multiple priority levels to model the relation between Succeed By
Myself and wanting help. The model was changed as follows.

First, we added an additional goal, Want Help. The satisfaction of Want Help is de-
pendent on two factors: the outcome of the student’s move (i.e. a successful climb or
a fall) and the agent’s action. When the student falls, Want Help can only be satisfied
if the agent provides help. If the agent congratulates the student, or does not perform
any action, then this goal is not satisfied. If the student does not fall then satisfaction
is neutral.

Second, we tried to determine which students’ traits influenced their attitude towards
receiving help during repeated falls. From our data, the only factor that seems to play a
role is students’ math knowledge. A Fisher test on the students’ pre-test scores and
whether they demonstrated that they wanted help showed a significant relationship
(Fisher score = 0.029). Thus, a new node, representing prior math knowledge, was
used to influence the priorities a student gives to the goals Succeed By Myself and
Want Help. If the student has high knowledge, then satisfaction of Want Help is given

Table 2. Situations where students reported Admiration or Reproach

Situation # Students reporting

Admiration [Neutral| Reproach
Student reaches mountain top, is congratulated by agent] 12 13 2
Student is generally successful 26 19 4
Student falls frequently and agent intervenes 10 6 7
Student falls frequently and agent doesn't intervene 6 8 7
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Fig. 5. Revised sub-network for appraisal after agent action

higher weight in the CPT defining the influence of goals satisfaction on emotion to-
wards the agent. If the student has low knowledge, satisfaction of Succeed By Myself
is given higher weight instead.

Third, the node representing the available agent’s actions was refined to include the
agent choosing not to intervene. All Goal Satisfied nodes other than Succeed By My-
self and Want Help were given a neutral satisfaction for this new action. Want Help
was discussed earlier, Succeed By Myself was given a small probability of satisfaction
to reflect possible mild positive feelings towards the agent for not interrupting in
general rather than at specific events.

4.3 Evaluation of the New Model

To evaluate the model changes discussed above, we replayed the event logs recorded
during the study using a simulator that used the refined model. We added an addi-
tional ‘no action’ event after each student action that was not followed by an agent
intervention. We performed cross-validation using the data from our current study;
each iteration used two-thirds of the data to train the refined CPTs and one-third as a
test set. Table 3 shows the results of the re-evaluation, when students’ goals from the
post-questionnaires are used as evidence in the model. To get evidence on the newly
added goal Want Help, we relied on student answers to the questionnaire item ‘/
wanted help when I became stuck’, originally used together with another item to as-
sess the goal Succeed By Myself.

We start by discussing the accuracy results for Admiration/Reproach, because that
will facilitate the discussion of Joy/Distress.

Accuracy of Admiration/Reproach. Table 3 shows that, although accuracy for Admi-
ration improved considerably, accuracy for Reproach dropped off a comparable
amount, bringing the combined accuracy to be slightly lower than the accuracy of the
previous model. However, the high accuracy for Reproach in the previous model was
a fortunate side effect of underestimating Admiration. Instead, an analysis of the
model’s assessment in relation to the interactions simulated from the log files shows
that high accuracy for Admiration in the new model is mostly due to the
added changes. The same analysis revealed that low accuracy for Reproach is mainly
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Table 3. Emotional belief accuracy of the refined model

. Previous Accuracy (%) Revised Accuracy (%) .
Emotion Mean Std.yDeV. Mean Std}.l Dev. Data points

Joy 66.54 17.38 76.26 1.75 170
Distress 64.68 29.14 71.30 40.48 14
Combined J/D 65.61 73.78

Admiration 4322 12.53 74.71 1.50 127
Reproach 80.79 6.05 38.23 19.23 28
Combined A/R 62.00 56.47

due to two factors. First, goals declared by students at the end of a game session did
not seem to match their goals throughout the game. Some students did not declare the
goal Want Help, but their reports showed that they wanted help when they began to
fall. Other students declared the goal but then did not want help. This is additional
evidence that goal’s priority can change during the interaction, and shows that the
model is sensitive to these changes, confirming that in order to improve the model’s
accuracy we will have to lift the current model’s assumption of static goals. Second,
using only previous math knowledge to help assess each student’s attitude toward
wanting help incorrectly modeled some of the students. There appear to be other fac-
tors that should be taken into account, such as personality traits. We collected person-
ality data during the study but encountered difficulties due to the general integrity of
the students when describing their personality. We are investigating other methods for
obtaining more reliable personality measurement.

Accuracy of Joy/Distress. As we can see from Table 3, the accuracy for Joy and
Distress increased to about 76% and 71% respectively in the new model. The increase
in Joy accuracy is mostly due to the changes discussed in Section 4. However, we
should note that the impact of these changes is partially reduced by the goal fluctua-
tion issues discussed above. Recall that the model’s appraisal of agent actions also
affects the assessment of Joy and Distress toward the game (Figure 5). From log file
analysis, we saw that fluctuations of the goal Want Help made the model overestimate
the negative impact of episodes of not receiving help for another group of 8 students
who reported this goal, did not receive help when they were falling, but still reported
joy toward the game and neutral or positive feelings toward the agent. It appears that,
while we are correctly modeling the priority that these students give to the satisfaction
of receiving help (thus the improved accuracy for admiration), we are overestimating
the importance that they give to this goal not being satisfied. Thus, as it was the case
for Admiration/Reproach, there appear to be other student traits that, if modeled,
could further improve model accuracy.

The refinements made to assess Admiration/Reproach are the main reason for the
improvement in Distress, because they correctly classified the Distress reports given
by a student who was falling repeatedly, had the goal Want Help and did not receive
help. These few correctly classified reports have high impact because of the limited
number of Distress reports in the dataset (as the high variation for Distress shows).
Note that this same student did not report Reproach during the same falling episodes,
so he does not improve the model’s Reproach accuracy.



Data-Driven Refinement of a Probabilistic Model of User Affect 49

5 Summary and Future Work

Building a user model of affect from real data is very difficult; the novel nature of the
phenomena that we are trying to model, the limited existing knowledge of emotional
reactions during system interaction, especially within the context of educational
games, and the difficulty of observing key variables all contribute to the inherent
complexity of the task.

In this paper, we have addressed sources of inaccuracy found within our model of
user affect during a previous evaluation by refining the model’s appraisal of both
student and agent actions. We used data collected from real users to revise the rela-
tionship between game events and the satisfaction of two goals, Have Fun and Learn
Math. We also used the data to analyze students’ attitudes towards the agent and de-
termined the common situations in which they changed. This analysis led to the intro-
duction of a new goal, Want Help, the appraisal of the agent not giving help, and the
first steps towards accommodating students giving different priorities to goals.

Our analysis has challenged two assumptions that were made during model con-
struction; firstly that the set of goals the user is trying to achieve remains the same
throughout the game session, secondly that we can make assessments using these
goals without modeling goal priority. As part of our future work on revision of the
model’s goal assessment we intend to construct a clearer picture of how user’s goals
fluctuate during game sessions. We can then use this information to further improve
the model’s emotional assessment.

References

1. Ball, G. and Breese, J.: Modeling the Emotional State of Computer Users. Workshop on
'Attitude, Personality and Emotions in User-Adapted Interaction', UM'99, Canada (1999)

2. Bosma, W. and André, E.: Recognizing Emotions to Disambiguate Dialogue Acts. Interna-
tional Conference on Intelligent User Interfaces (IUI 2004). Madeira, Portugal (2004)

3. Conati, C.: Probabilistic Assessment of User’s Emotions in Educational Games. Journal of
Applied Atrtificial Intelligence 16(7-8), special issue: “Merging Cognition and Affect in
HCT”, (2002) 555-575

4. Conati, C. and Maclaren, H.: Evaluating A Probabilistic Model of Student Affect. Pro-
ceedings of the 7th Int. Conference on Intelligent Tutoring Systems, Maceio, Brazil (2004)

5. Conati, C. and Zhao, X.: Building and Evaluating an Intelligent Pedagogical Agent to Im-
prove the Effectiveness of an Educational Game. IUI 2004. Madeira, Portugal (2004)

6. Gratch, J. and Marsella, S.: Evaluating the Modeling and Use of Emotion in Virtual Humans,
3rd Int. Jnt. Cnf. on Autonomous Agents and Multiagent Systems, New York (2004)

7. Healy, J. and Picard, R.: SmartCar: Detecting Driver Stress. 15 Int. Conf. on Pattern
Recognition. Barcelona, Spain (2000)

8. Heckerman, D.: A Tutorial on Learning with Bayesian Networks, in Jordan, M. (ed.):
Learning in Graphical Models (1998)

9. Ortony, A., Clore, G.L., and Collins, A.: The Cognitive Structure of Emotions. Cambridge
University Press (1988)

10. Picard, R.: Affective Computing. Cambridge: MIT Press (1995)
11. Zhou, X. and Conati, C.: Inferring User Goals from Personality and Behavior in a Causal
Model of User Affect. Int. Conference on Intelligent User Interfaces. Miami, FL (2003)



Recognizing Emotion from Postures:
Cross-Cultural Differences in User Modeling

Andrea Kleinsmith, P. Ravindra De Silva, and Nadia Bianchi-Berthouze

Database Systems Laboratory, University of Aizu,
Aizu Wakamatsu 965-8580, Japan
andi@andisplanet.com
{d8052201, nadia}@u-aizu.ac.jp

Abstract. The conveyance and recognition of human emotion and affec-
tive expression is influenced by many factors, including culture. Within
the area of user modeling, it has become increasingly necessary to un-
derstand the role affect can play in personalizing interactive interfaces
using embodied animated agents. Currently, little research focuses on
the importance of emotion expression through body posture. Further-
more, little research aims at understanding cultural differences within
this vein. Therefore, our goal is to evaluate whether or not differences
exist in the way various cultures perceive emotion from body posture. We
used images of 3D affectively expressive avatars to conduct recognition
experiments with subjects from 3 cultures. The subjects’ judgments were
analyzed using multivariate analysis. We grounded the identified differ-
ences into a set of low-level posture features. Our results could prove
useful for constructing affective posture recognition systems in cross-
cultural environments.

Keywords: Affective communication, affective body postures, embodied
animated agents, intercultural differences, user modeling.

1 Introduction

As Picard [20] points out, the manner in which humans convey emotion or affec-
tive messages in general is affected by many factors, such as age, gender, posture,
physical body characteristics, culture, context, and so on. Each individual has
his/her own way to express affective states. Understanding these factors has
become increasingly important in the area of user modeling. More than ever,
it is necessary to personalize interactive interfaces to be capable of communi-
cating with the user through an affective channel. While we acknowledge the
importance of other modalities, such as face and voice, whole body postures are
also shown to be quite important for conveying emotion, and remains a novel
area of research. Indeed, while there are formal models for classifying affective
facial expressions [6], there are no equivalent models for affective posture. These
models are necessary to develop embodied animated agents capable of affective
communication.

L. Ardissono, P. Brna, and A. Mitrovic (Eds.): UM 2005, LNAI 3538, pp. 50-59, 2005.
© Springer-Verlag Berlin Heidelberg 2005
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Although it has previously been argued that the importance of body postures
and gestures is not the primary channel for conveying emotion [3], more recent
findings indicate that the body is used for emotional display more than for-
merly thought [1] [24] [2]. In fact, the role of posture in affect recognition, and
the importance of emotion in the development and support of intelligent and
social behavior has been accepted and researched within several fields includ-
ing psychology, neurology, and biology. According to several researchers, central
nervous system structures are responsible for the perception of emotion, and
furthermore, its placement in these structures may be specific to both emotion
and modality [14] [22]. Ekman [5] posits that body postures are used to express
general emotions. Furthermore, according to Mehrabian and Friar [17], changes
in a person’s emotional state are reflected by changes in posture.

There is evidence to support that the way in which emotions are expressed
and controlled [17], as well as the interpretation of emotion [14] is clearly shaped
by culture. Many researchers have used cross-cultural emotion recognition stud-
ies to validate evidence in favor of emotion universality [8]. For some emotions,
there is cross-cultural support for the universality of many modes of nonver-
bal behavior, including face, voice, and body expressions, as well as changes
in a person’s physiology [18]. However, the majority of the research on emo-
tion universality concentrates on the recognition of facial expressions using still
photographs [4] [21]. Currently, few researchers are examining the cross-cultural
differences of emotion recognition in whole body posture [15]. Much research has
been conducted comparing emotion differences between Japan and the United
States. In a study by Friesen [10], cross-cultural differences were compared in the
facial expressions of Japanese and American subjects while viewing both neu-
tral films, and films intended to cause stress. As a support to the universality of
facial expressions, it was shown that both groups expressed almost exactly the
same facial expressions when watching the films alone. In a study by Scherer et
al. [23], it was reported that the Japanese use fewer hand, arm, and whole body
gestures than Americans when in emotional situations.

The goal of this paper is to evaluate the possible cultural differences between
Japan, Sri Lanka, and the US in the perception of emotion through whole body
postures. If, in fact, differences do exist, our aim is twofold. One, we will attempt
to qualify these differences through an examination of how the cultures vary in
recognizing emotion and its intensity. Two, we will ground these differences into
a set of low-level posture features by identifying which features are used by all
3 cultures, and which features play a different role in each of the 3 models. In
our studies, we use images of a 3D avatar created from original motion capture
data in an attempt to eliminate bias due to culture and/or gender. Each avatar
always has the same body. Furthermore, by using the avatar, the subjects are not
affected by facial expressions. We chose to study two Asian cultures (Japanese
and Sri Lankan), as the way each of these cultures interacts socially, on a non-
verbal level, is quite different. Sri Lankans are considered to have a more Latin
way of interacting [16].
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While the above research examines the ways in which emotions are con-
veyed, our study aims to understand cross-cultural differences in the ways in
which emotions are recognized. The remainder of this paper is organized as fol-
lows. Section 2 gives a description of the posture data collection method and
our tri-cultural (Japanese, Sri Lankan, and American) posture recognition ex-
periment. In Sect. 3 we examine the cultural differences, and how the different
cultures rated emotion and intensity. Section 4 describes how we grounded these
differences into a set of low-level postural features. We conclude in Sect. 5.

2 Method

2.1 Posture Data Collection

As a first step, we used a motion capture system to collect 3D affective postures
of 13 human subjects (called actors hereafter) of different age, gender, and race.
In this context we define a posture as any stance involving the hands and/or
body that can convey emotions or feelings.

Each actor, dressed in the same suit with 32 markers attached to various joints
and body segments, was asked to perform an in-place posture expressing anger,
fear, happiness and sadness. As a starting point, these emotions were chosen
on the basis that they are included in the set of universal emotions defined by
Ekman and Friesen [7]. The actors were allowed to perform the emotion postures
in her/his own way, as no constraints were placed on them. Moreover, the actors
were not allowed to observe each other during the capturing sessions in an effort
to avoid influencing the individual performances. Each affective posture was
captured by 8 cameras and represented by contiguous frames describing the
position of the 32 markers in the 3D space. In total, we captured 108 affective
postures. We then used the original motion capture data to build affectively

(d)

Fig. 1. Examples of the 3D affectively expressive avatars for each emotion category.
(a) Angry (b) Fear (c¢) Happy (d) Sad
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expressive avatars, shown in Fig. 1, by selecting the frame (i.e., a static posture)
that the actor evaluated as being the most expressive instant of the posture.

2.2  Posture Evaluation Experiment

We used an 8 word forced-choice experimental design to evaluate potential
cultural differences in emotion perception through whole body posture. This
method was purposely chosen as it has been widely used in studies aimed at as-
sessing cross-cultural agreements in the expression of emotion [13]. 25 Japanese,
25 Sri Lankan, and 20 Caucasian American subjects (called observers hereafter)
participated in the experiment. We used 108 affective posture images as the data
set (refer to Fig. 1 for examples).

The experiment was conducted online as a series of webpages. The postures
were presented in a randomized order, differing for each participant. For each
page (one posture per page), subjects were asked to (1) rate the intensity of
the emotion, defined by a value between 1 and 5 to indicate how emotional is
the posture, and (2) choose an emotion label to represent the posture displayed
based on an 8-word list comprised of pairs of labels indicating two intensities
of the same emotion: anger (angry, upset), fear (fearful, surprised), happiness
(happy, joyful), and sadness (sad, depressed).

2.3 Concordance Between Actors and Observers Across 3 Cultures

The results for each of the 3 cultures are represented in Table 1. The rows
indicate the frequency of use by the subject of a culture for each emotion la-
bel to classify the set of postures corresponding to the emotion intended by
the actors. Overall, a high correlation is observed between the observer-selected
pairs of labels (i.e., happy/joyful) and the actors’ intended emotions, with the

Table 1. The observers’ ratings from the 3 cultures for each of the 8 emotions. This
table depicts the frequency of use (percentage) of the 8 emotions (combined as pairs
of labels indicating 2 intensities of the same emotion). (sur. = surprised and dep. =
depressed)

l Actors H Japanese Observers H Sri Lankan Observers H American Observers ‘

Emotion||Angry|Fear| Happy| Sad ||Angry|Fear Happy| Sad ||Angry|Fear | Happy| Sad

Labels || (angry |(fear | (happy |(dep.|| (angry | (fear| (happy |(dep.|| (angry | (fear | (happy |(dep.
upset) [sur.) | joyful) | sad) || upset) |sur.) | joyful) | sad) || upset) |sur.)| joyful) | sad)
Angry 41.7 | 4.4 10.4 7.3 22.9 | 5.5 10.8 8.5 22.2 | 4.9 19.2 3.9
14.4 | 9.2 7.9 4.4 25 10.7 7.7 7.1 22.3 | 9.2 8.4 4.3

Fear 15.5 |26.1| 9.4 2.3 18.7 |30.4| 8.8 4.5 17.3 |23.2| 10.7 1
4.4 |28.7| 10.9 2.6 10 13.4 9 3.3 1.2 |26.3| 5.5 1.8
Happy 13.6 1.4 22 1 8.2 45| 29.3 | 44 11.6 1.8 29 1.5
5.7 120.7| 32.4 | 3.2 7.9 11.9| 30.2 | 2.3 10.2 | 15.3| 26.2 1.7
Sad 5.4 2.8 2.2 |34.6 5.4 1.8 1 29.5 6.6 2.2 2.6 |35.8

23.9 | 3.7 1.4 |25.6| 22.6 1.5 1 35.4|| 14.1 | 4.3 1.8 |29.2
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sad/depressed categories showing the overall highest agreement for all 3 cultures
with an average of 63.4%. The emotion category with the lowest agreement was
different for each culture. We hypothesize that this may be due to each culture
placing greater importance on different features for distinguishing between pos-
tures within those emotion categories. To evaluate the agreement between the 3
cultures, each posture was associated with the most frequent emotion category
for each culture. The most frequent label was the same across the 3 cultures for
71 of the 108 postures (i.e., 66% agreement).

3 Intensity Ratings and Cultural Differences

3.1 Method

The second aim was to assess the cultural differences in the evaluation of emo-
tional intensity on the 71 common postures. Toward this goal, we analyzed the
data using two approaches. First, we aimed to assess the intensity according to
the intensity value (i.e., a number from 1 to 5) associated by the observers of the
3 cultures to each posture during the posture evaluation experiment presented
in Sect. 2. Second, we attempted to assess how each culture used the pair of
labels within each emotion category. For both of these examinations we used the
repeated measurement method [9] and either a mulivariate test or a univariate
test! to identify the existence of statistically significant differences between the
cultures. This method was applied to each emotion case separately. There are
21 postures for angry, 19 for fear, 15 for happy, and 16 for sad. Subsequently,
to better qualify which differences occurred between which cultures, for each of
the emotion categories, we used a post hoc test with the Bonferroni correction.

3.2 Discussion

Table 2 shows the results of the analysis of the intensity rating. Overall, we can
see that only in the case of the fear category is there no significant difference
between the intensity ratings of the observers belonging to the 3 different cul-
tures. In fact, its p-value is well above a significance level of 0.05. This could
confirm brain studies in which the fear emotion seems to be triggered more at
the sensorial level than at the cognitive one [11]. Table 3 shows the results of
the analysis in the use of label as an index of intensity. The overall results point
out that in the case of angry and fear postures, there is no significant difference
in the use of the pair of labels between the 3 cultures.

1 We used Mauchly’s test for checking the assumption of sphericity. The sphericity
assumption is an assumption about the structure of the covariance matrix in a
repeated measures design. Following [9] (pp. 337-338), we used a univariate test
(Greenhouse-Geisser) to treat cases in which the sphericity was statistically satisfied,
while we used a multivariate test (Wilks’ Lambda) in the cases of significant violation
of the sphericity assumption.
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Table 2. Testing the differences in intensity ratings. JA=Japanese, SL=Sri Lankans,

US=Americans

’Emotion‘Multivariate test|Post hoc p-value| Cultural diffs

Angry Significant JA-SL=0.896 US > SL
differences JA-US=0.756 p-value=0.043
p-value=0.032 SL-US=0.032
Fear | No significant diff. | No significant diff. |No significant diff.
p-value=0.176
Happy | Significant diff. JA-SL=0.021 JA > SL
differences JA-US=0.089 p-value=0.034
p-value=0.021 SL-US=0.742
Sad Significant diff. JA-SL=0.022 JA > SL
differences JA-US=0.976 p-value=0.012
p-value=0.041 SL-US=0.0876

Table 3. Testing the differences in the use of the 8 emotion labels

’Emotion‘Univariate test|Post hoc p-value| Cultural diffs

Angry | No significant No significant No significant
p-value=0.432 differences differences

Fear No Significant | No significant diff. | No significant
p-value=0.078 differences differences

Happy | Significant diff. | JA-SL=0.032 JA used the
p-value=0.022 JA-US=0.073 joyful label

SL-US=0.987 more than SL

Sad Significant diff. | JA-SL=0.001 JA used the

p-value=0.033 JA-US=0.323 |depressed label
SL-US=0.625 more than SL

For both analyses, when significant differences were detected by the multi-
variate test (p-value below 0.05), a post hoc test was conducted to better qualify
these differences. The results of this test are represented in the third column of
each table. This column indicates in which pairs of cultures a significant differ-
ence exists (p-value below 0.05). For these pairs, we applied a paired t-test to
assess if one culture used a higher intensity rating than the other. The results,
shown in the last column of Table 2, points out that the Japanese are more
likely than the Sri Lankans to associate a higher intensity to both happy and
sad postures. In the case of angry, it is the Americans who are more likely than
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the Sri Lankans to assign a higher intensity to these postures. We compared
these culture pairs in their use of the emotion labels. The results, shown in the
last column of Table 3, suggest that the Japanese again tended to use stronger
labels, i.e., joyful and depressed, than did the Sri Lankans. We can summarize
the results shown in these tables by saying that intensity plays an important
role in the way the 3 cultures will differently perceive the same affective avatar.

4  Grounding Cultural Differences in Posture Features

The final goal of the study was to ground the perceptual differences between the
3 cultures into a set of features describing the affective postures. Toward this
objective, we used the set of 24 low-level postural features (Table 4) proposed
in [24] to create a numerical description of our 108 postures. Hence we applied
the non-linear Mixture Discriminant Analysis (MDA) [12] modeling technique to
create a model for discriminating between affective postures on the basis of this
set of features. Using the MDA dimensions, it is possible to map the postures
onto a multidimensional discriminant space defined by the axes that maximize
the separation between groups and minimize the variance within groups.

For each culture, an MDA model was created using the 108 postures. Specifi-
cally, for each posture we used the vectors describing its postural features (com-
puted on the original motion capture data) and the most frequent emotion cate-
gory (4 categories) that was assigned by the observer of that culture to the avatar
associated with that posture. For each of the 3 models, the classification perfor-
mances are very high. The Japanese model correctly classifies (with respect to
the Japanese observers) 90% of the postures. The Sri Lankan model correctly
classifies (according to the Sri Lankan observers) 88% of the postures and the
American model correctly classifies (according to the American observers) 78%
of the postures.

Table 4. The table lists the set of posture features used. The “Code” column indicates
the feature codes used in the paper. The following short-cuts are used: L: Left, R:
Right, B: Back, F: Front

Code posture features Code posture features

V4 ||Orientationxy: B.Head - F.Head axis|| V5 ||Orientationy z: B.Head - F.Head axis
V6 Distance,: R.Hand - R.Shoulder v7 Distance,: L.Hand - L.Shoulder
V8 Distance,: R.Hand - R.Shoulder V9 Distance,:L.Hand - L.Shoulder
V10 Distance,:R.Hand - L.Shoulder Vi1 Distance,:L.Hand - R.Shoulder
V12 Distance,:R.Hand - R.Elbow Vi3 Distance,:L.Hand - L.Elbow
V14 Distance,: R.Elbow - L.Shoulder V15 Distance,: L.Elbow - R.Shoulder
V16 Distance.: R.Hand - R.Elbow V17 Distance,:L.Hand - L.Elbow
V18 Distance,: R.Hand - R.Elbow V19 Distance,:L.Hand - L.Elbow
V20 Distancey: R.Elbow - R.Shoulder V21 Distance,:L.Elbow - L.Shoulder
V22 Distance,: R.Elbow - R.Shoulder V23 Distance,:L.Elbow - L.Shoulder
V24 Orientation xy: Shoulders axis V25 Orientationx z: Shoulders axis
V26 Orientation xy: Heels axis V27 3D — Distance: R.Heel - L.Heel
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Table 5. The table shows the features selected by the 3 MDA models. The first and
the third columns indicate the set of features, the second and the fourth columns the
culture-models using them (Cults = cultures)

Selected features Cults. Selected features Cults.
V5-Orientationy z: B.Head - F.Head||JA,SL,US|| V6-Distance.: R.Hand - R.Shoulder JA
V11-Distance,:L.Hand - R.Shoulder |[JA,SL,US|| V8-Distance,: R.Hand - R.Shoulder JA
V15-Distance,: L.ElIbow - R.Shoulde||JA,SL,US|| V9-Distance,:L.Hand - L.Shoulder JA

V13-Distance,:L.Hand - L.Elbow JA,SL V17-Distance,:L.Hand - L.Elbow JA
V16 -Distance.: R.Hand - R.Elbow JA,SL ||V22-Distance,: R.Elbow - R.Shoulder SL
V7-Distance,: L.Hand - L.Shoulder SL,US V4-Orientation xy: B.Head - F.Head Us
V18-Distance,: R.Hand - R.Elbow SL,US |[|V20-Distance,: R.Elbow - R.Shoulder|| US
V25-Orientation x z: Shoulders axis SL,US V26-Orientation xy: Heels axis Us

As the models perform quite well, we can use them to ground the differences
between cultures on the features. Hence, we analyzed the equations of the dis-
criminant functions within each of the 3 MDA models, and extracted the set
of features that were identified by MDA as most relevant for the discrimination
process. We observed that the 3 models share only 3 features, while the overall
set of important features is different for each model. Table 5 shows the feature
sets for each culture. From this we can see that the Sri Lankans only have one
feature unique to their culture while the Japanese and Americans have several.
This discovery may indicate that the Sri Lankans are in the middle of the other
2 cultures in their way to perceive emotion from posture.

In evaluating the feature sets for each culture, one interesting finding was
that the arm stretched along the body (v6) and the head bent (v5) are necessary
features for the Japanese in recognizing sadness in the avatar. Indeed, v6 is
considered to be important only to the Japanese, and seems to reflect a typical
posture they frequently use to express saddness or remorse. Refer to postures 1
and 3 (from left to right) in Fig. 1(d) to see examples. However, while the other
2 cultures generally associated this type of posture to sadness, many avatars
with the face up and the hands close to the chest (a combination of v18 and v22)
were also considered as sad (Fig. 1(d) posture 4). We can see that this feature
is shared between the Sri Lankans and the Americans, while it is not considered
important by the Japanese. Another relevant finding is that the Japanese seem
to attribute happy to postures in which the arms remain close to the body’s
side (again v6), and both fear and happy when the arms are raised to mid-
level, whereas the Sri Lankans more often appear to consider these postures as
angry. In general, fear and angry for all 3 cultures consist of a wide variety of
postures (as referenced by Fig. 1(a)(b)), differing from a study by Paiva et al.
[19] in which angry is represented by a dynamic motion in which the avatar/doll
is moved rapidly forward and backward, and fear is associated with the hands
placed directly over the eyes. Specifically, in the case of fear for the Sri Lankans,
the elbow is always below the shoulder, and very low in the case of sad. This
feature, v22, is the single unique feature for the Sri Lankans. Furthermore, we
notice that when the Japanese associated a posture with fear, the Sri Lankans did
not agree. In fact, we see that angry was typically selected as the most frequent



58 A. Kleinsmith, P.R. De Silva, and N. Bianchi-Berthouze

label by the Sri Lankans for these postures. This result seems to correlate to the
distance between the heels (refer to Fig. 1(b)) (v27), which is a feature shared
by the Japanese and the Sri Lankans, however, it appears to be used differently
within those cultures. We can see this difference in the Sri Lankan selected angry
postures, which have a wider stance and a tilted or turned head.

5 Conclusions

In this paper we have statistically evaluated the cultural differences between
Japanese, Sri Lankan, and American subjects in perceiving the emotional state
of an avatar’s body posture. When considering the frequency of label use for each
posture according to actor-intended emotion label, a fairly high agreement was
obtained between the 3 cultures, with the sad/depressed categories showing the
highest agreement. This may indicate the existence of a cross-cultural stereotype
for the sad emotion. In further analysis, significant cultural differences were ob-
served when considering intensity ratings, specifically, that the Japanese easily
assigned a stronger intensity to the animated body postures than did the other
cultures, which may support Scherer’s [23] findings discussed in the Introduc-
tion. These results were grounded into a set of low-level posture features from
which a separate model was created for each culture. We found that classifica-
tion rates were quite significant when testing these models on our set of affective
avatars, and moreover, that each culture considers different features important
for recognizing affective postures. To further evaluate our findings, the next goal
is to examine the interaction between posture features and to collect a larger
set of postures for each nuance (8 labels) of the emotions to also ground the
differences in emotional intensity onto postural features.
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Abstract. We describe a system that recognizes physiological data of
users in real-time, interprets this information as affective states, and re-
sponds to affect by employing an animated agent. The agent assumes
the role of an Empathic Companion in a virtual job interview scenario
where it accompanies a human interviewee. While previously obtained re-
sults with the companion with were not significant, the analysis reported
here demonstrates that empathic feedback of an agent may reduce user
arousal while hearing interviewer questions. This outcome may prove
useful for educational systems or applications that induce user stress.

1 Introduction

Computers sensing users’ physiological activity are becoming increasingly pop-
ular in the human—computer interface and user modeling communities, partly
because of the availability of affordable high-specification sensing technologies,
and also due to the recent progress in interpreting physiological states as affective
states or emotions [10]. The general vision is that if a user’s emotion could be
recognized by the computer, human—-computer interaction would become more
natural, enjoyable, and productive. The computer could offer help and assistance
to a confused user or try to cheer up a frustrated user, and hence react in ways
that are more appropriate than simply ignoring the user’s affective state as is
the case with most current interfaces.

Our particular interest concerns interfaces that employ animated or embodied
agents as interaction partners of the user. By emulating multi-modal human—
human communication and displaying social cues including (synthetic) speech,
communicative gestures, and the expression of emotion, those agents may trigger
social reactions in users, and thus implement the “computers as social actors”
metaphor [14]. This type of social and affect-aware interface has been demon-
strated to enrich human—computer interaction in a wide variety of applications,
including interactive presentations, training, and sales [2,12].

L. Ardissono, P. Brna, and A. Mitrovic (Eds.): UM 2005, LNAI 3538, pp. 60-69, 2005.
© Springer-Verlag Berlin Heidelberg 2005
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In this paper, we propose an interface that obtains information about a user’s
physiological activity in real-time and provides affective feedback by means of an
embodied agent. The interface is intended to respond to the user’s emotion by
showing concern about user affect, sometimes called empathic (or sympathetic)
behavior. Empathic interfaces may leave users less frustrated in the case of a
stressful event related to the interaction [5]. Potential application fields include
software (assuming unavoidable software-related failures), computer-based cus-
tomer support, and educational systems. The web-based (virtual) job interview
scenario described here serves as a simple demonstrator application that allows
us to discuss the technical issues involved in real-time emotion recognition as
well as the implementation of an empathic agent. In this paper, we will extend
and complement our previous investigations on empathic agents.

— Virtual Quizmaster. An agent providing empathic feedback to a deliberately
frustrated user can significantly reduce user arousal or stress when compared
to an agent that ignores the user’s frustration [13].

— Empathic Companion. An empathic agent has no overall positive effect on
the user’s interaction experience in terms of lower levels of arousal [11].

The rest of this paper is organized as follows. In Sect. 2, we describe related
work. Section 3 is dedicated to introducing the Empathic Companion. There, we
first describe our system for real-time emotion recognition, and then explain how
physiological signals are mapped to named emotions. The final part of Sect. 3 dis-
cusses the decision-theoretic agent that is responsible for selecting the Empathic
Companion’s actions. In Sect. 4, we illustrate the structure an interaction with
the Empathic Companion in the setting of a virtual job interview, and provide
new results of an experiment that recorded users’ physiological activity during
the interaction. Section 5 concludes the paper.

2 Related Work

There are various research strands that share the methodology and motivation of
our approach to affective and empathic interfaces. The tutoring system developed
by Conati [3] demonstrates that the user’s physiological state can play a key
role in selecting strategies to adapt an educational interface. When the user’s
frustration is detected, an interface agent can try to undo the user’s negative
feeling. Bickmore [1] investigates empathic agents in the role of health behavior
chance assistants that are designed to develop and maintain long-term, social-
emotional relationships with users, so-called ‘relational agents’.

The investigation of Klein et al. [5] is most closely related to our work on
empathic interfaces. They describe the design and evaluation of an interface im-
plementing strategies aimed at reducing negative affect, such as active listening,
empathy, sympathy, and venting. The resulting affect—support agent used in a
simulated network game scenario could be shown to undo some of the users’
negative feelings after they have been deliberately frustrated by simulated net-
work delays inserted into the course of the game. The Emphatic Companion
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interface differs from the one used in [5] in two aspects. First, the user in our
system is given feedback in a more timely fashion, i.e. shortly after the emotion
actually occurs, and not after the interaction session, in response to the sub-
ject’s questionnaire entries. While providing immediate response to user affect
is certainly preferable in terms of natural interaction, it assumes that affect is
processed in real-time. Hence, in order to assess a user’s emotional state online,
we implemented a system that takes physiological signals of the user during the
interaction with the computer.

Second, affective feedback to the user is communicated by means of an em-
bodied agent, rather than a text message. Although the study of Klein and co-
workers [5] supports the argument that embodiment is not necessary to achieve
social response, it has been shown that embodied characters may boost the ten-
dency of people to interact with computers in a social way [12].

3 The Empathic Companion

The Empathic Companion is an embodied agent that was developed in the con-
text of a web-based job interview scenario (Fig. 1), where it addresses the user’s
emotion resulting from an interview situation (see also the ‘affective mirror’ in
[10, p. 86]). Being interviewed is likely to elicit emotions in the user, especially
when the interviewer (Fig. 1, left) asks potentially unpleasant or probing ques-
tions, such as “What was your final grade at university?” or “Are you willing
to work unpaid overtime?”, and comments pejoratively upon the interviewee’s
(i.e. the user’s) unsatisfactory answer. In order to emphasize the training aspect
of the interview situation, the user is led by a companion agent (Fig. 1, right)
that addresses the user’s (negative) emotions by giving empathic feedback, e.g.

_;_\'mlr Gompanion — Mmin_ |

i’
| It seems you did not like this
question o0 much

Y

O | have already been working in this position for several years.
< | gradualed from university recently and | do not have any professional experience.

Fig. 1. Job Interview Scenario
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“It seems you did not like this question so much” or “Maybe you felt a bit bad
to be asked this kind of question”. The user is told that the companion is in-
visible to the interviewer and present for his or her comfort only. Although a
web-based (virtual) interview cannot induce the stress level of a face-to-face or
phone interview, it provides a convenient training platform for job seekers.

3.1 System Architecture

Since the Empathic Companion application assumes real-time emotion recogni-
tion, the system architecture depicted in Fig. 2 has been implemented on the
Windows XP platform.

Data Capturing and Processing. The user is attached to sensors of the Pro-
Comp+ unit [15]. The ProComp+ encoder allows to use input from up to eight
sensors simultaneously. Currently, we only use galvanic skin response (GSR)
and electromyography (EMG) sensors. Data capturing is achieved by a module
written in Visual C++ that employs the ProComp+ data capture library.

When prompted by the application (i.e. interface events), the Data Process-
ing component retrieves new data every 50 milliseconds, stores and evaluates
them. Given the baseline information for skin conductance (GSR signal) and
muscle activity (EMG signal), changes in physiological activity are computed
by comparing the current mean signal values to the baseline value. The baseline
is obtained during a relaxation period preceding the interaction. The current
mean value is derived from a segment of five seconds, the average duration of
an emotion [7]. If skin conductance is 15-30% above the baseline, is assumed as
“high”, for more than 30% as “very high”. If muscle activity is more than three
times higher than the baseline average, it is assumed as “high”, else “normal”.
Emotions are hypothesized from signals using a Bayesian network, as part of the
decision network discussed below.

Data Visualization Decision-theoretic Agent
MATHLAB Netica
¥
i
H
Data Processing Interface
Yisual C++ Agent control
mTTTTToToT o m sy HTML
: i ATL JavaScript
i Signal to Emotion :
1 Mapping 3
[y
e ;
ProComp+ | 4——+ - “
library COM port =
256120
samples/sec  ProComp+ unit
Sensors USer

Fig. 2. System architecture
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Fig. 3. Simple decision network

User Interface. The User Interface component contains the job interview sce-
nario and runs under Internet Explorer 5.5 (or higher). It is written in HTML
and JavaScript and utilizes the Microsoft Agent package [8] to control the ver-
bal and non-verbal behavior (such as gestures or facial displays) of characters.
This package includes an animation engine to trigger about 50 pre-defined 2D
animation sequences and a text-to-speech engine.

Decision-theoretic Agent. A decision network is used to combine bio-signals
and other facts about the interaction, and relate them to emotions as well as
agent decisions (see Fig. 3). The decision-theoretic agent will be discussed in
Sect. 3.3. Before that, we will explain the modeling and interpretation of the
user’s physiological activity as emotions.

3.2 Relating Physiological Signals to Emotions

Lang [6] claims that all emotions can be characterized in terms of judged valence
(pleasant or unpleasant) and arousal (calm or aroused), and therefore named
emotions can be identified as coordinates in the arousal-valence space. For in-
stance, the “Angry” emotion is located in the ‘arousal=high’&‘valence=negative’
segment. The relation between physiological signals and arousal/valence is es-
tablished in psychophysiology that argues that the activation of the autonomic
nervous system changes while emotions are elicited [7]. The following two signals
have been chosen for their high reliability (other signals are discussed, e.g. in
[10]). Galvanic skin response (GSR) is an indicator of skin conductance (SC),
and increases linearly with a person’s level of overall arousal. Electromyography
(EMG) measures muscle activity and has been shown to correlate with negatively
valenced emotions [6].
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3.3  Decision-Theoretic Agent

The decision-theoretic agent is responsible for deriving the user’s emotion given
physiological data and the valence of the user’s answer (to the question of the
interviewer), and to suggest an appropriate action. The agent is implemented
with Netica [9], a software package that allows solving decision problems and
provides convenient tools, including an APT in Java.

The decision network depicted in Fig. 3 represents a simple decision problem.
A decision-theoretic agent selects actions that maximize the outcome in terms
of some utility function [4]. The subnet consisting only of chance nodes is the
Bayesian network used to derive the user’s emotional state. It relates physiolog-
ical signals (GSR, EMG) and the user’s answer to arousal and valence which
are employed to infer the user’s emotional state by applying the model of Lang
[6]. The probabilities have been set in accord with the literature (whereby the
concrete numbers are made up). “Relaxed (happiness)” is defined by the ab-
sence of autonomic signals, i.e. no arousal (relative to the baseline), and positive
valence. “Joyful” is defined by increased arousal and positive valence, whereas
“Frustrated” is defined by increased arousal and negative valence. The node
“Answer” in the network represents situations where the user gives a ‘positive
answer’ (that satisfies the interviewer’s question) or a ‘negative answer’ (that
does not satisfy the interviewer’s question). This (‘non-physiological’) node was
included to the network in order to more easily hypothesize the user’s positive
or negative appraisal of the question, as the user’s EMG value changes (in this
application) are often too small to evaluate valence.

Besides nodes representing probabilistic events in the world (chance nodes),
decision networks contain nodes representing agent choices (decision nodes), and
the agent’s utility function (utility or value node). The utility function is set to
the effect that negatively aroused users receive empathic feedback, by assum-

Table 1. Example responses of the Empathic Companion

Actions Example Response

Show The agent displays concern for a user who is aroused and has a

Empathy negatively valenced emotion, e.g. by saying “I am sorry that you
seem to feel a bit bad about that question”.

Encourage If the user is not aroused, the agent gives some friendly comment,
e.g. by saying “You appear calm and don’t have to worry. Keep
going!”.

Ignore The agent does not address the user’s emotion, and simply refers
to the interview progress, by saying, e.g. “Let us go on to the next
question”.

Congratulate |If the agent detects that the user is aroused in a positive way, it
applauds the user (“Well done!”, “Good job! You said the right
thing”, etc.).
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ing that negative states are a hindrance to performing successfully in stressful
situations (including interviews).

Table 1 lists some responses of the Empathic Companion associated to the
action types (see also Fig. 3). The actual implementation of the job interview
scenario provides linguistic variations for each response category. If the advisor
type is supportive, the utility function is set to respond to the user’s affective
state. “Advisor Type” is a deterministic (rather than chance) node that allows
us to characterize the agent as supportive or non-supportive. If set to “Not
Supportive”, the “Ignore” action is selected for all inputs. This node is needed
to compare empathic vs. non-empathic versions of the companion.

4 Interacting with the Empathic Companion

In an interaction session with the Empathic Companion, the user is seated in
front of a computer running the job interview, with the GSR sensors attached
to two fingers of the non-dominant hand, and the EMG sensors attached to the
forearm of the same body side. The baseline for subsequent bio-signal changes is
obtained during an initial relaxation period of one minute, where the user listens
to music from Caf del Mar (Vol. 9), as the mean of GSR and EMG values.

4.1 The Structure of the Interview

An interview session is composed of (interview) episodes, whereby each episode
consists of four segments (see below). The entire interview session contains ten
episodes, and concludes with the interviewer agent’s acceptance or rejection of
the user as a new employee of the company, depending on how many ‘credits’
the user could collect.

— Segment 1: The interviewer agent asks a question, e.g. “Tell me about your
previous work experience”.

— Segment 2: The user chooses an answer from the set of given options (see
Fig. 1, lower part), by clicking on the button next to the selected answer,
e.g. the user admits the lack of experience by clicking the lower button.

— Segment 3: The interviewer responds to the user’s answer, e.g. “Then you
are not the kind of person we are looking for” or “I am happy to hear that
you have extensive experience in the field”.

— Segment 4: The companion agent responds to the emotion derived from the
data gathered during the third segment and the user’s answer given in the
second segment.

4.2  Exploratory Study

While a questionnaire method is certainly possible to evaluate the impact of the
Empathic Companion agent, we are using physiological data to assess the user’s
perception of the interface. A signal processor has been developed in-house that
reads users’ skin conductance (SC) and heart rate (HR). Like EMG, HR also
correlates with negative emotions and Lang’s [6] model can be applied.
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Observe that unlike the experiment reported in [13], tight experimental con-
trols are not practicable in the job interview application as the interaction is not
designed to invoke specific emotions at specific moments. In particular, depend-
ing on their answers to the interviewer’s questions, users may receive positive
or negative feedback. Facing a comparable situation — users’ physiological re-
sponses to different web page designs — Ward and Marsden [16] thus propose
to compare signal values for whole interaction periods rather than for specific
interface events.

Following this paradigm, we ini-
tially hypothesized that, averaged Skin Conductance
over the entire interview period (see
Fig. 4), the presence of a (support-
ive) Empathic Companion will have
users with lower levels of arousal
and less negatively valenced affective
states. As the control condition, the
“Not Supportive” advisor type was
used, where the “Ignore” action is
always selected. However, no signifi- —
cant results could be obtained. relaxation interview

The main reason might be that perod peried
the user interacts with the inter-
viewer rather than the empathic Fig. 4. SC data of one subject
agent most of the time. Other pos-
sible reasons include: (i) The responses intended to have a calming effect on the
user might actually not do so; (ii) heart rate might not be a reliable indicator of
negative valence for all users; (iii) a measurement spanning the whole interaction
period is too coarse.

Extending the analysis of [11], a more fine-grained data analysis has been
carried out, based on an affective concept that we call “anticipatory emotion”.
This type of emotional response occurs when a person expects a certain event to
happen that will likely elicit a particular emotion. In the interview scenario a user
might be assumed to experience stress when being asked a question for which he
or she will not be able to give a satisfying answer. In order to investigate the effect
of the Empathic Companion on subjects’ anticipatory emotion, we compared
the normalized SC and HR data from the period when the interviewer asks the
question (Segment 1) for the “Supportive” and “Not Supportive” versions of the
Empathic Companion application, abbreviated as E'm and N Em, respectively.

In the study subjects are connected both to the GSR sensors of the Pro-
Comp+ unit with the first two fingers of their non-dominant hand,! and to our
in-house encoder that provides a wristband for SC and an ear-clip to measure
HR. Participants were 10 staff and students from the University of Tokyo, aged
23-40, who were randomly assigned to the two versions (5 subjects in each).

micro-Siemens
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raw data in 500 ms
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1 For simplicity, the EMG sensors have not been used.
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Fig. 5. Normalized SC data for anticipatory emotion

The result for SC is depicted in Fig. 5. Here the t-test (two-tailed, assum-
ing unequal variances) demonstrates a significant effect of the companion in the
“Supportive” (Em) version (¢(8) = —5.49; p = 0.0002). The companion display-
ing empathy effects a decrease in the subject’s arousal level for the period of
being questioned by the interviewer, which eventually stabilizes at the baseline
level. On the other hand, when the companion ignores the subject’s emotion, the
arousal level increases over the interview session. In the case of HR, the average
(normalized) value is even higher in the Em version than in the N Em version
(contrary to our expectation). Hence the core finding of the experiment can be
stated as: Users (as interviewees) receiving empathic feedback are significantly
less aroused when hearing the interviewer’s questions, independently of whether
they are able to give a satisfying answer or not.

In summary, the results of the experiment indicate that while an overall
positive effect of the Empathic Companion cannot be shown, the presence of an
agent that ‘cares’ can have a positive effect on the way users perceive questions
in terms of lower levels of arousal (or stress).

5 Conclusions

This paper describes the Empathic Companion, an animated agent based inter-
face that takes physiological signals of the user in real-time, models and inter-
prets them as affective states, and addresses user emotions derived from those
signals. A virtual job interview serves as an exploratory application that can be
seen as an instance of stress-inducing interaction scenarios such as educational
or training interfaces.

While results of statistical relevance of the Empathic Companion could not
be obtained for the whole interview period [11], interestingly, empathic feed-
back is shown to have a significant impact on users’ arousal level while being
queried. This result relates to the importance of the timing of data assessment
in emotion recognition [7] — when an emotion occurs. The Empathic Companion
only responds to a user’s emotional reaction that happens when the interviewer
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responds to the user’s answer to the interviewer question. A more advanced
system, however, must allow to react user emotion in a more flexible manner.

The study described in this paper was not designed to test a model of emotion
recognition but employed a widely used two-dimensional emotion theory [6].
Future work will be directed toward a richer emotion model that takes into
account situational and task-specific parameters of emotion elicitation during
human—computer interaction.
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Abstract. This paper presents a model for pedagogical agents to use the learner’s
attention to detect motivation factors of the learner in interactive learning envi-
ronments. This model is based on observations from human tutors coaching
students in on-line learning tasks. It takes into account the learner’s focus of at-
tention, current task, and expected time required to perform the task. A Bayesian
model is used to combine evidence from the learner’s eye gaze and interface
actions to infer the learner’s focus of attention. Then the focus of attention is
combined with information about the learner’s activities, inferred by a plan
recognizer, to detect the learner’s degree of confidence, confusion and effort.
Finally, we discuss the results of an empirical study that we performed to
evaluate our model.

1 Introduction

Animated pedagogical agent technology seeks to improve the effectiveness of intelli-
gent tutoring systems, by enabling them to provide various interactive actions in more
natural and engaging ways. However, work to date has focused mainly on improving
the output side of the interface, through the inclusion of expressive, lifelike behaviors
[2]. The focus of the work described in this paper is on the input side, to enable the
agent to track the learner’s activities and focus of attention, so that it can detect the
learner’s motivational factors such as confidence and confusion.

Our approach involves monitoring of the learner’s activities - both interface actions
and focus of eye gaze. It infers the learner’s focus of attention using a Bayesian model
[5], which allows reasoning under uncertainty with various sources of information. And
it combines the method for tracking learner focus of attention with a plan recognition
capability for interpreting the learner’s actions and forming expectations of future ac-
tions. Our particular motivation for conducting this work is to create pedagogical
agents that are able to interact with learners in more socially appropriate ways, sensitive
to rules of politeness and etiquette and able to influence the learner motivational as well
as cognitive state [3, 4].

L. Ardissono, P. Brna, and A. Mitrovic (Eds.): UM 2005, LNAI 3538, pp. 70—73, 2005.
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2 Background Tutoring Studies

In an earlier study, we investigated how human tutors coach learners while interacting
with Virtual Factory Teaching Systems (VFTS) [1, 4], an on-line factory system for
teaching industrial engineering concepts and skills. We found that tutors used the fol-
lowing types of information, observed and inferred the learner motivation:

The task that the learner was expected to perform next.

The learner’s focus of attention.

The learner’s self-confidence, inferred from the questions the learner asked.

The learner’s effort expended, as evidenced by the amount of time that the learner
spent reading the tutorial and carrying out the tasks described there.

We therefore designed the user interface of our new system to enable an agent to have
access to sufficient information about the learner, her/his activities, cognitive and mo-
tivational state. The new interface includes three major components:

e The VFTS interface, which reports each keyboard entry and mouse click that the
learner performs on it.

e WebTutor, which is an on-line tutorial used to teach learner instruction and con-
cepts of industrial engineering.

e Agent window, in which the left part of this window is a text window used to
communicate with the agent (or a human tutor in Wizard-of-Oz mode) and the
right part is an animated character that is able to generate speech and gestures.

The input devices consist of keyboard, mouse, and a small camera focused on the
learner’s face. This interface thus provides information that is similar to the information
that human tutors use in tracking learner activities.

3 Description of Our Model

Our model includes four components for pedagogical agent to access the learner’s
focus of attention and track the learner’s activities to detect the learner’s motivation.

e WebTutor provides information about what task the learner is working on, as well
the actions the learners perform as they read through the tutorial.

e The plan recognizer in VFTS monitors the learner’s actions and tracks learner
progress through the task.

e The focus of attention model takes input from the WebTutor interface, the VFTS
interface and Agent interface as well as eye gaze information, in order to infer
learner focus of attention.

e The detection model calculates the learner motivational factors based on outputs
from focus of attention model and plan recognizer.

These four components can provide agents with capabilities to gather information
about the learners’ states and their expected tasks. Therefore agents are able to track
learner attention and detect the learners’ motivation.
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3.1 Tracking Learner Focus of Attention Under Uncertainty

Information about eye gaze is extremely useful for detecting user focus of attention. In
our system we want an eye tracking approach that is unobtrusive, that requires no
special hardware and no calibration. We use a program developed by Larry Kite in the
Laboratory for Computational and Biological Vision at USC to track eye gaze. It es-
timates the coordinates on a video display that correspond to the focus of gaze. The
agent uses two types of information to infer the learner’s focus: (1) information with
certainty, i.e., mouse click, type and scroll window events in VFTS, WebTutor and
Agent Window, and (2) information with uncertainty, namely data from eye track
program and inferences about current state based upon past events. Then agents use
Dynamic Bayesian Networks (DBNs) to infer the learner’s focus of attention based on
various sources of information.

3.2 Plan Recognition System

To help pedagogical agents track learner activities, we need to be able to track the
learner’s actions as well as track the learner’s focus. We developed a plan recognition
system to track learner actions and progress. The plan recognition system has four main
components: .NET server, Student Interaction Database (SID), Plan Library and Action
Pattern file in VFTS. The .NET server has two services: data service and agent service.
All student interaction data in VFTS are captured and encoded into SOAP messages,
sent to the data service and then saves it to SID. Interaction data represent learner action
on the current object in the VFTS. An object in VFTS could be a textfield, a tab panel or
a combobox. Interaction data include mouse clicks, mouse movements and keyboard
input. A plan in the plan library consists of a list of tasks the user needs to achieve given
a tutorial or problem. The VFTS action pattern XML file defines the actions a user
could perform in VFTS.

3.3 Utilizing Focus of Attention

The above analyses make it possible for the agent to track learner’s attention and ac-
tions. There are many factors that influence learner’s motivation. We focus here on the
learner’s confidence, confusion and effort, factors that were shown to be important in
the background tutor studies.

e Confidence represents the confidence of learners in solving problems in the
learning environment. The learner’s confidence is modeled as one of three levels:
High, Normal and Low.

e Confusion reflects the learner’s failing to understand the tutorial or deicide how
to proceed in the VFTS. A learner with high confusion is most likely to be stuck
or frustrated.

e Effort is the duration of time that the learner spends on performing tasks. It is an
important indicator of intrinsic motivation in learners, and expert human tutors
often praise learners for expending effort even when they are not successful.
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4 Evaluation and Conclusion

To evaluate our method, we designed and conducted an experimental study. With new
interfaces and models, we ran 24 subjects at the University of California at Santa
Barbara. The 24 participants were all undergraduate students. Most of them had
computer skills but little or no knowledge of industrial engineering. With the human
tutor's observation as the baseline, the recognition accuracies of our model are 82% for
confidence, 76.8% for confusion, and 76.3% for effort. With the learner’s self-reports
as the baseline, the recognition accuracies dropped to 70.7%, 75.6% and 73.2% for the
learner’s motivation. In conclusion, we can say that the results of our evaluation suggest
that such model can provide agents accurate information about learner’s motivation. It is
possible for pedagogical agents to detect learner’s motivation with confidence and pro-
vide learner with proactive help in order to motivate the learner’s learning.

Furthermore we wish to extend the user monitoring capability to handle a wider
range of ambiguous contexts. Based upon these results, pedagogical agent can then
interact with learners through a conversational system in more socially appropriate
ways.
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Abstract. In this paper we introduce an effective mechanism for obtain-
ing computer games of high interest (i.e. satisfaction for the player). The
proposed approach is based on the interaction of a player modeling tool
and a successful on-line learning mechanism from the authors’ previous
work on prey/predator computer games. The methodology demonstrates
high adaptability into dynamical playing strategies as well as reliability
and justifiability to the game user.

1 Introduction

In [6], we introduced an efficient generic measure of interest of predator/prey
computer games. We also presented a robust on-line (i.e. while the game is
played) neuro-evolution learning mechanism capable of increasing the game’s
interest at high levels while the game is being played. The test-bed used for
these experiments was the well-known Pac-Man computer game.

In the work presented here, we attempt to study the player’s contribution to
the emergence of interest of the aforementioned computer game. We do that by
investigating a Player Modeling (PM) mechanism’s impact on the game’s interest
when it is combined with the aforementioned on-line learning procedure. More
specifically, we use Bayesian Networks (BN), trained on computer-guided player
data, as a tool for inferring appropriate parameter values for the chosen on-line
learning (OLL) mechanism. Results obtained show that PM positively affects the
OLL mechanism to generate games of higher interest for the player. In addition,
this PM-OLL combination, in comparison to OLL alone, demonstrates faster
adaptation to challenging scenarios of frequent changing playing strategies.

2 Player Modeling in Computer Games

Player modeling in computer games and its beneficial outcomes have recently
attracted the interest of a small but growing community of researchers and game
developers. Houlette’s [4] and Charles” and Black’s [1] work on dynamic player
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modeling and its adaptive abilities in video games constitute representative ex-
amples in the field.

Bayesian networks [5] provide a comprehensive means for effective represen-
tation of independent assumptions and a mechanism for effective inference under
conditions of uncertainty. In the field of PM, BN can cope with uncertainty on
the model of the player, allowing for inference on the class variable given a subset
of the input features, rather than a complete representation of them.

3 The Pac-Man Game

The test-bed studied is a modified version of the original Pac-Man computer
game released by Namco. The player’s (PacMan’s) goal is to eat all the pellets
appearing in a maze-shaped stage while avoiding being killed by the four Ghosts.
For the experiments presented here, the game field (i.e. stage) is a 19 x 29 grid
maze where corridors are 1 grid-cell wide.

Three fixed Ghost-avoidance and pellet-eating strategies for the PacMan
player, differing in complexity and effectiveness are used (see [6]). Each strat-
egy is based on decision making applying a cost or probability approximation
to the player’s four neighbor cells (i.e. up, down, left and right). On the other
hand, a multi-layered fully connected feedforward neural controller is employed
to manage the Ghosts’ motion.

4 Interest Metric

In order to find an objective estimate of interest in the Pac-Man computer game
we first need to define the criteria that make a game interesting. Then, second,
we need to quantify and combine all these criteria in a mathematical formula.
The three criteria, presented in [6], which collectively define interest for the
Pac-Man game, are briefly as follows.

1. When the game is neither too hard nor too easy.
2. When there is diversity in Ghosts’ behavior over the games.
3. When Ghosts’ behavior is aggressive rather than static.

The metrics (as presented in [6]) for the three criteria are given by T' (challenge
metric; based on the difference between maximum and average player’s lifetime
over N games — N is 50 in this paper), S (diversity metric; based on standard
deviation of player’s lifetime over N games) and E{H,} (aggressiveness met-
ric; based on stage grid-cell visit average entropy of the Ghosts over N games)
respectively. All three metrics are combined linearly (1)

7= YT + 0S5+ eE{H,} 1)
y+0+e€
where I is the interest value; 7,0 and e are criterion weight parameters (v =
1,0 = 2,¢ = 3 in this paper). The metric given by (1), can be effectively applied
to any predator/prey computer game (e.g. see [7]) because it is based on generic
quantitative features of this genre of games.
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5 On-line Learning

On-line learning (see [6] for more details) is a genetic search mechanism based on
the idea of Ghosts that are reactive to any player’s behavior and learn from its
strategy instead of being the predictable and, therefore, uninteresting characters
that exist in all versions of this game today. The OLL parameters e, (simulation
time for the evaluation of each group of Ghosts) and p,, (probability of mutation)
strongly influence the performance of the mechanism. Naive selection of these
values may result in disruptive phenomena on the Ghosts” behavior through the
mutation operator. Sect. 6 presents a BN-based mechanism designed to lead to
more careful OLL parameter value selection and furthermore to an increasingly
interesting game.

6 PM-OLL Mechanism

This work’s target is to investigate whether player modeling can contribute to
the satisfaction of the player. Towards this aim we combine PM, by the use of
BN, with the OLL algorithm to form the PM-OLL mechanism presented here.
The two mechanisms’ interaction flows through the OLL parameters which are
set by inferences from the PM mechanism.

In order to construct a model of the player we have considered the following
features obtained from a play of 10 games: 1) Score; 2) time played; 3) grid-cell
visits entropy of the player — this metric corresponds to the player’s aggressive-
ness; 4) initial interest of the game; 5) relative interest difference after 10 games;
6) ep; and 7) pp,.

Our objective, given that we desire maximum interest change in the game,
is to find the optimal values for the features p,, and e, that correspond to the
player input variables. The BN which embodies the PM mechanism, is trained
off-line on feature instances obtained by multiple simulation runs within a fixed
set of empirically selected and representative e, and p,, values.

7 Results and Analysis

For PM in our test-bed we used the Bayesian Network Augmented Naive Bayes
(BAN), by Cheng et al. [2]. For the BN training we have utilized the Bayesian
scoring function [3] which provides a metric of relation among two candidate
networks. Upon completion of the BN structure learning mechanism, the Expec-
tation Maximization (EM) algorithm is used in order to estimate the parameters
of the conditional probability table.

7.1  Adaptability Test

In order to test a learning mechanism’s ability to adapt to a changing environ-
ment, the following experiment is proposed. Beginning from five significantly dif-
ferent (by means of interest) initial behaviors we apply the examined mechanism
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against a specific PacMan type. During the on-line process we keep changing the
PacMan type every 20 games played. The process stops after 60 games when all
three types of player have played the game. These thirty (6 different player type
sequences times 5 different initial behaviors) experiments (scenarios) illustrate
the overall picture of the mechanism’s behavior against any sequence of the fixed
strategy PacMan types.

7.2

In [6], we empirically chose the OLL parameters to be p,, =0.02 and e,=>50.
Our empirical hypothesis is well supported by a sensitivity analysis based on ex-
periments with all combinations of pairs of (py,, e,) fixed set parameters values.
Results obtained — which are not presented analytically due to space consid-
erations — show that the (0.02,50) values constitute the most appropriate pair
of fixed OLL parameters and, therefore, are selected for all experiments in this
paper.

To test the PM impact on the OLL mechanism’s ability to generate games of
high interest we apply the adaptability test for the OLL alone (fixed parameter
values — p,, = 0.02,e, = 50) and for the PM-OLL approach. For the latter,
player modeling occurs every 10 games inferring values for p,, and e,. Fig. 1
shows that the PM-OLL mechanism is able to generate more interesting games
than the OLL mechanism in 23 out of 30 playing scenarios examined; in 12 of
these cases the difference is statistically significant.

Comparative Study
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Fig. 1. Adaptability test: average interest values and interest intervals

7.3

In order to assess the truth of the hypothesis that random selection of the set
of p,, and e, values, instead of BN produced values, has a better impact on the

Randomness Testing
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generated interest value, we apply the adaptability test for PM-OLL where p,,
and e, values are picked randomly. The test is conducted for all thirty scenar-
ios. In 27 out of 30 cases examined, the random fashion of selecting values for
pm and e, generates lower average interest value than the interest value gener-
ated by PM-OLL (in 16 cases the difference is statistically significant). These
results imply that appropriate selection of OLL parameter values correlates to
the improvement of the player’s satisfaction.

8 Conclusions

Successful applications of the on-line learning approach [6, 7] have already shown
the mechanisms’ robustness in generating computer games of higher interest
and fast adaptability to changing playing strategy situations. In this paper we
demonstrated a PM mechanism’s positive impact on the generation of more
interesting games. Moreover, the proposed PM-OLL mechanism shows game
reliability since it demonstrates adaptive behaviors in the scale of decades of
games played and it is computationally inexpensive (1-3 seconds of CPU time
for the BN to infer OLL parameter values; few milliseconds for the OLL to
evaluate the Ghost population on-line). The subsequent step of this work is to
discover whether the interest value computed by (1) for a game correlates with
human judgement of interest. Preliminary results on a survey with a statistically
significant sample of human subjects show that human players’ notions of interest
of the Pac-Man game are highly correlated with the proposed measure of interest.
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Abstract. This paper presents an evaluation study that measures the effect of
modifying feedback generality in an Intelligent Tutoring System (ITS) based on
Student Models. A taxonomy of the tutor domain was used to group existing
knowledge elements into plausible, more general, concepts. Existing student
models were then used to measure the validity of these new concepts,
demonstrating that at least some of these concepts appear to be more effective at
capturing what the students learned than the original knowledge elements. We then
trialled an experimental ITS that gave feedback at a higher level. The results
suggest that it is feasible to use this approach to determine how feedback might be
fine-tuned to better suit student learning, and hence that learning curves are a
useful tool for mining student models.

1 Introduction

Analysing adaptive educational systems such as Intelligent Tutoring Systems (ITS) is
hard because the students’ interaction with the system is but one small facet of their
education experience. Pre- and post-test comparisons provide a rigorous means of
comparing two systems, but they require large numbers of students and a sufficiently
long learning period. The latter confounds the results unless it can be guaranteed that
the students do not undertake any relevant learning outside the system being
measured. Further, such experiments can only make comparisons at a high level:
when fine-tuning parts of an educational system (such as the domain model), a large
number of studies may need to be performed. In this research we explored using a
more objective measure of domain model performance, namely learning curves, to see
if we could predict what changes could be made at the level of individual knowledge
elements (concepts), or sets of concepts, to improve student performance.

A key to good performance in an ITS is its ability to provide the most effective
feedback possible. Feedback in ITS’ is usually very specific. However, in some
domains there may be low-level generalisations that can be made where the
generalised concept is more likely what the student is learning. For example,
Koedinger and Mathan [2] suggest that for their Excel Tutor, one of the cognitive
tutors [1], the concept of relative versus fixed indexing is independent of the direction
the information is copied; this is a generalisation of two concepts, namely horizontal
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versus vertical indexing. We hypothesised that this might be the case for our tutor
(SQL-Tutor), which contains of a set of rules (constraints) that represent the concepts
of the model. For example, an analysis of the feedback messages found that often they
are nearly the same for some groups of rules. Other rules may differ only by the
clause of the SQL query in which they occur (for example, the WHERE and
HAVING clauses of an SQL query have substantially similar rule sets).

Some systems use Bayesian student models to represent students’ knowledge at
various levels (e.g. [10]) and so theoretically they can dynamically determine the best
level to provide feedback, but this is difficult and potentially error-prone: building
Bayesian belief networks requires the large task of specifying the prior and
conditional probabilities. We are interested in whether it is possible to infer a set of
high-level rules that generally represent concepts being learned while avoiding the
difficulty of building a belief network, by analysing past student model data to
determine significant subgroups of rules that represent such concepts.

One method of analysing rules is to plot learning curves: if the objects being
measured relate to the actual concepts being learned, we expect to see a “power law”
between the number of times the object is relevant and the proportion of times it is
used incorrectly [8]. Learning curves can be plotted for all rules of a system to
measure its overall performance. In [2] Koedinger and Mathan used learning curves to
argue that differences in learning existed between a specific “six-rule” and a more
general “four-rule” model of the Excel domain. Learning curves can also be used to
analyse groups of objects within a system, or to “mine” the student models for further
information. We used this latter approach to try to determine which groups of domain
rules appear to perform well when treated as a single rule. To decide which rules to
group, we used a (man-made) taxonomy of the learning domain [3], and grouped rules
according to each node of the taxonomy. This enabled us to measure how well the
rules, when combined into more general rules of increasing generality, still exhibited
power laws, and hence represented a concept that the students were learning. We then
used this information as the basis for building a new version of the domain model
where feedback was now given when students violated one of a set of rules that
describes the new concept, rather than giving feedback specific to each individual
rule. We then compared the performance of this system with that of the original SQL-
Tutor.

In the next section we describe the system we used in the study, and the two
different versions of it that utilise the two feedback strategies. In Section 3 we present
our hypotheses and discuss how we used the student models to predict the
performance of groups of rules. Section 4 presents the results, while the conclusions
are given in Section 5.

2 SQL-Tutor

The goal of this project is to investigate whether we can predict the effectiveness of
different levels of feedback by observing how well the underlying group of rules
appears to measure a single concept being learned. We performed an experiment in
the context of SQL-Tutor, an intelligent tutoring system that teaches the SQL
database language to university-level students. For a detailed discussion of the
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system, see [4, 5]; here we present only some of its features. SQL-Tutor consists of an
interface, a pedagogical module—which determines the timing and content of
pedagogical actions—and a student modeller, which analyses student answers. The
system contains definitions of several databases and a set of problems and their ideal
solutions. To check the correctness of the student’s solution, SQL-Tutor compares it
to an example of a correct solution using domain knowledge represented in the form
of more than 650 constraints. It uses Constraint-Based Modeling (CBM) [9] for both
domain and student models. Fig. 1 shows a screen shot of SQL-Tutor. Like all
constraint-based ITS, feedback is attached directly to the rules, or “constraints”,
which make up the domain model. An example of a constraint is:

/3 SQL-Tutor: LIBRARY Database, Problem 89 - Microsoft Internet Explorer =100 x|
J File Edit “iew Favorites Tools Help ﬁ
J daBack ~ = - @ 2 ‘ @ 5earch (G Favories  {History ‘ B & - o | HLinks =
JAc_Idress I@ http:fictg. cosc.canterbury, ac.nz:8000/sgl-tutor /respond-ta-main ﬂ @0

SQL-TUTOR Change Datahase Mew Problem History Student Model Run Query Help | Log Out

Show_the name and address of all the branches that ~| | almost there - yvou made 2 rmistakes. =
Problem g9 | contain the 'Database Systerns' book. .
_I You need the ON Keyvward in FROM!
-

You can correct your query and press 'Submit' again,

SELECT |hranchname, address or try getting some mare feedback.

FROM |branch join bock
I 1 would you like to have another go?

title='Databass Systens': =]
WHERE
&l
GROUP BY |
=l
HAVING
=l
ORDER BY |

Feedback Level | Hint - subrmit snswer | Reset | |

1

3

The general description of the database is available here. Clicking on the name of a table brings up the table details.
Primary keys in the attribute list are underlined , foreign keys are in i#aics.

Table Name  Attribute List
BOOK  id title publisher
BRANCH  branchid branchnarme address
BOOKCOPIES  fookid branch numcopies
AUTHOR  pookid name

|&] pone [ [ [ Localintranet

a L

Fig. 1. A screen shot of SQL-Tutor

(147
"You have used some names in the WHERE clause that are not from
this database."

; relevance condition
(match SS WHERE (?* (“name ?n) ?%*))
; satisfaction condition
(or (test SS (~valid-table (?n ?t))
(test SS ("attribute-p (?n 2a ?t))))
; Relevant clause
"WHERE")
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Constraints are used to critique the students’ solutions by checking that the concept
they represent is being correctly applied. The relevance condition first tests whether
or not this concept is relevant to the problem and current solution attempt. If so, the
satisfaction condition is checked to ascertain whether or not the student has applied
this concept correctly. If the satisfaction condition is met, no action is taken; if it fails,
the feedback message is presented to the student. In this case the relevance condition
checks whether the student has used one or more names in the WHERE clause; if so,
the satisfaction condition tests that each name found is a valid table or attribute name.
The student model consists of the set of constraints, along with information about
whether or not it has been successfully applied, for each attempt where it is relevant.
Thus the student model is a trace of the performance of each individual constraint
over time. Constraints may be grouped together, giving the average performance of
the constraint set as a whole over time, for which a learning curve can then be plotted.
Fig. 2 shows the learning curve for the control group of this study, for all students and
all constraints. This is achieved by considering every constraint, for every student,
and calculating the proportion of constraint/student instances for which the constraint
was violated for the first problem in which it was relevant, giving the first data point.
This process is then repeated for the second problem each constraint was used for, and
so on. The curve in Fig. 2 shows an excellent power law fit (R* = 0.978). Note that
learning curves tend to deteriorate as n becomes large, because the number of
participating constraints reduces.

Learning curve for control
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y = 0.0786x %%
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Error

1 2 3 4 5 6 7 8 9 10
Problem

Fig. 2. Example learning curve for the control group

The experimental version of SQL-Tutor was identical to the control, except
feedback was no longer directly supplied by the constraints. Instead, a lookup table
was provided that contained definitions of 63 high-level constraints being tested,
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where each was a tuple of the form (new constraint num, <constraints>, feedback),
where <constraints> is a list of the constraints this new generalised constraint
represents. The generalised constraint set is described in the next section.

[ Tables Present ]

None missing

[ rrow | [ wmere | [ rmrom | [ wiere |

[ All present ] [ All referenced ]

Nesting in No nesting in Nesting in No nesting in
Ideal solution Ideal solution Ideal solution Ideal solution

Fig. 3. Example subtree from the SQL —Tutor domain taxonomy

3 Experiment Design

We hypothesized that some groupings of constraints would represent the concepts the
student was learning better than the (highly specialised) constraints themselves. We
then further hypothesised that for such a grouping, learning might be more effective if
students were given feedback about the general concept, rather than more specialised
feedback about the specific context in which the concept appeared (represented by the
original constraint). To evaluate the first hypothesis, we analysed data from a
previous study of SQL-Tutor on a similar population, namely second year students
from a database course at the University of Canterbury, New Zealand. To decide
which constraints to group together, we used a taxonomy of the SQL-Tutor domain
model that we had previously defined [3]. This taxonomy is very fine-grained,
consisting of 530 nodes to cover the 650 constraints, although many nodes only cover
a single constraint. The deepest path in the tree is eight nodes, with most paths being
five or six nodes deep. Fig. 3 shows the subtree for the concept “Correct tables
present”. Whilst developing such a hierarchy is a non-trivial task, in practice this can
actually aid construction of the domain model [6, 7].

We grouped constraints according to each node in the taxonomy, and rebuilt the
student models as though these were real constraints that the system had been
tracking. For example, if a node N1 in the taxonomy covers constraints 1 and 2, and
the student has applied constraint 1 incorrectly, then 2 incorrectly, then 1 incorrectly
again, then 2 correctly, the original model would be:

(1 FAIL FAIL)
(2 FAIL SUCCEED)
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while the entry for the new constraint is:
(N1 FAIL FAIL FAIL SUCCEED)

Note that several constraints from N1 might be applied for the same problem. In
this case we calculated the proportion of such constraints that were violated. We
performed this operation for all non-trivial nodes in the hierarchy (i.e. those covering
more than one constraint) and plotted learning curves for each of the resulting 304
generalised constraints. We then compared each curve to a curve obtained by
averaging the results for the participating constraints, based on their individual
models. Note that these curves were for the first four problems only: the volume of
data in each case is low, so the curves deteriorate relatively quickly after that. Overall
the results showed that the more general the grouping is, the worse the learning curve
(either a poorer fit or a lower slope), which is what we might expect. However, there
were eight cases for which the generalised constraint had superior power law fit and
slope compared to the average for the individual constraints, and thus appeared to
better represent the concept being learned, and a further eight that were comparable.
From this result we tentatively concluded that some of our constraints may be at a
lower level than the concept that is actually being learned, because it appears that
there is “crossover” between constraints in a group. In the example above, this means
that exposure to constraint 1 appears to lead to some learning of constraint 2, and vice
versa. This supports our first hypothesis.

We then tested our second hypothesis: that providing feedback at the more general
level would improve learning for those high-level constraints that exhibited superior
learning curves. Based on the original analysis we produced a set of 63 new
constraints that were one or two levels up the taxonomy from the individual
constraints. This new constraint set covered 468 of the original 650 constraints, with
membership of each generalised constraint varying between 2 and 32, and an average
of 7 members (SD=6). For each new constraint, we produced a tuple that described its
membership, and included the feedback message that would be substituted in the
experimental system for that of the original constraint. An example of such an entry is:

(N5 "Check that you are using the right operators in
numeric comparisons." (462 463 426 46 461 427 444 517
445 518 446 519 447 520 404 521 405 522))

This generalised constraint covers all individual constraints that perform some kind
of check for the presence of a particular numeric operator. Students for the
experimental group thus received this feedback, while the control group were
presented with the more specific feedback from each original constraint concerning
the particular operator.

To evaluate this second hypothesis we performed an experiment with the students
enrolled in an introductory database course at the University of Canterbury.
Participation in the experiment was voluntary. Prior to the study, students attended six
lectures on SQL and had two laboratories on the Oracle RDBMS. SQL-Tutor was
demonstrated to students in a lecture on September 20, 2004. The experiment was
performed in scheduled laboratories during the same week. The experiment required
the students to sit a pre-test, which was administered online the first time students
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accessed SQL-Tutor. The pre-test consisted of four multi-choice questions, which
required the student to identify correct definitions of concepts in the domain, or to
specify whether a given SQL statement is appropriate for the given context.

Experiment versus Control
0.1 4

0.09 1
0.08 — =< — Control —

0.07 \

N —— Experiment [

0.06
0.05 4
0.04 4
0.03 +
0.02 4
0.01 4

Error

Problem

Fig. 4. Learning curves for the two groups

The students were randomly allocated to one of the two versions of the system.
The course involved a test on SQL on October 14, 2004, which provided additional
motivation for students to practise with SQL-Tutor. A post-test was administered at
the conclusion of a two-hour session with the tutor, and consisted of four questions of
similar nature and complexity as the questions in the pre-test. The maximum mark for
the pre/post tests was 4.

4 Results

Of the 124 students enrolled in the course, 100 students logged on to SQL-Tutor at
least once. However, some students looked at the system only briefly. We therefore
excluded the logs of students who did not attempt any problems. The logs of the
remaining 78 students (41 in the control, and 37 in the experimental group) were then
analysed. The mean score for the pre-test for all students was 2.17 out of 4 (sd=1.01).
The students were randomly allocated to one of the two versions of the system. A
t-test showed no significant differences between the pre-test scores for the two groups
(mean=2.10 and 2.24 for the control and experimental groups respectively, standard
deviation for both=1.01, p=0.53).

Fig. 4 plots the learning curves for the control and experimental groups. Note that
the unit measured for both groups is the original constraints, because this ensures
there are no differences in the unit being measured, which might alter the curves and
prevent their being directly compared. Only those constraints that belong to one or
more generalised constraints were included.
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The curves in Fig. 4 are comparable over the range of ten problems, and give
similar power curves, with the experimental group being slightly worse (control slope
= -0.86, R* = .94; experiment slope = -0.57, R* = 0.93). However, the experimental
group appears to fare better between the first and second problem for which each rule
has been relevant, indicating that they have learned more from the first time they
receive feedback for a constraint. In fact, the experimental curve appears to follow a
smooth power law up to n=4, then abruptly plateaus. We measured this early learning
effect by adjusting the Y asymptote for each group to give the best power law fit over
the first four problems, giving a Y asymptote of 0.0 for the control group and 0.02 for
the experimental group.

Having made this adjustment, the exponential slope for this portion of the graph
was —0.75 for the control group (R* = 0.9686) and —1.17 for the experiment group
(R2=0.9915), suggesting that the experimental group learned faster for the first few
problems for which each rule was applied, but then failed to learn any more (from
each individual feedback message) for several more problems. In contrast, the control
group learned more steadily, without this plateau effect. Note that this graph does not
indicate how this feedback is spread over the student session: for example, the first
four times a particular rule was relevant might span the 1%, 12® 30" and 35"
problems attempted. However, this is still a weak result.

Although the generalised constraints used were loosely based on the results of the
initial analysis, they also contained generalisations that appeared feasible, but for
which we had no evidence that they would necessarily be superior to their individual
counterparts. The experimental system might therefore contain a mixture of good and
bad generalisations. We measured this by plotting, for the control group, individual
learning curves for the generalised constraints and comparing them to the average
performance of the member constraints, the same as was performed for the a priori
analysis. The cut-off point for these graphs was at n=4, because the volume of data is
low and so the curves rapidly degenerate, and because the analysis already performed
suggested that differences were only likely to appear early in the constraint histories.
Of the 63 generalised constraints, six appeared to clearly be superior to the individual
constraints, a further three appeared to be equivalent, and eight appeared to be
significantly worse. There was insufficient data about the remaining 46 to draw
conclusions. We then plotted curves for two subsets of the constraints: those that were
members of the generalised constraints classified as better, same or ‘no data’ (labelled
“acceptable”), and those classed as worse or ‘no data’ (labelled “poor”). Fig. 5 shows
the curves for these two groups.

For the “acceptable” generalised constraints, the experimental group appears to
perform considerably better for the first three problems, but then plateaus; for the
“poor” generalised constraints the experimental group performs better for the first two
problems only. In other words, for the “acceptable” generalisations the feedback is
more helpful than the standard feedback during the solving of the first two problems
in which it is encountered (and so students do better on the second and third one) but
is less helpful after that; for the “poor” group this is true for the first problem only.
We tested the significance of this result by computing the error reduction between
n=1 and n=3 for each student and comparing the means.

The experimental group had a mean error reduction of 0.058 (SD=0.027),
compared to 0.035 (SD=0.030) for the control group. The difference was significant
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at p=0.01. In contrast, there was no significant difference in the means of error
reduction for the “poor” group (experimental mean=0.050 (SD=0.035), control
mean=0.041 (SD=0.028), p>0.3). This result again suggests that the individual
learning curves do indeed predict to some extent whether generalised feedback at this
level will be effective.

"Acceptable" generalised "poor"” generalised
constraints constraints
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Fig. 5. Power curves based on predictions of goodness

5 Conclusions

In this experiment we explored whether learning curves could be used to analyse past
student model data for predicting the behaviour of feedback that is based on
generalised domain concepts. We analysed an existing set of student models by
plotting learning curves for various groups of constraints (based on a taxonomy of the
domain) and showed that some of these groupings appeared to perform better as a
generalised concept than the underlying constraints. Such generalisations tended to be
moderate, with very general concepts exhibiting poor performance. We then
hypothesised that feedback applied at the level of these general concepts would be
more effective than more specific feedback from the highly specific constraints
currently in the domain model. We developed a feedback set that mapped to a set of
moderately general concepts, and found that for some of these learning performance
did appear to improve, although only for the first two or three problems, after which
learning performance deteriorated. For other generalisations, performance was better
only for the very first problem, and worse afterwards. We also showed that we could
predict to some extent which generalised constraints would produce better
performance by analysing their apparent performance in the control group.

There are several tentative conclusions we can infer from these results. First,
generalised feedback (when the generalisation is valid) appears to be more effective
in the early stages of learning a new concept, but then becomes worse. This suggests a
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dynamic approach may work best. A conservative approach might be to use
generalised feedback only for the first problem (for a given concept), and then revert
to more specialised feedback. Alternatively, we might measure the performance of
each generalisation: when it appears to be losing its effectiveness, the system could
switch to specific feedback. However, the small amount of data available makes this a
difficult task. More general feedback may also increase the generality of what is
learned, thus leading to better knowledge transfer for different types of problems.

Despite the small amount of data and poor quality of the curves, the learning
curves for individual generalised concepts did appear to be predictive. This suggests a
system might be able to tailor feedback on-the-fly if it considers all of the student
models when making decisions, rather than individual models. This holds promise for
increased adaptability in Intelligent Tutoring Systems, and may allow a system to
quickly tailor its feedback responses to the current student population. However, the
data volume may be too small to individually tailor feedback in this way, so other
measures may need to be employed.

Students’ models contain a wealth of information about their behaviour when using
an adaptive system. Learning curves are one way of measuring learning performance,
and they can be applied at various levels to whole student populations or individual
students, and to groups of rules versus entire domain models. The results of this study
suggest that learning curves are a useful tool for mining student models for further
insight.
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Abstract. This paper improves a recently-presented approach to Web
Personalization, named Community Web Directories, which applies per-
sonalization techniques to Web Directories. The Web directory is viewed
as a concept hierarchy and personalization is realized by constructing
user community models on the basis of usage data collected by the proxy
servers of an Internet Service Provider. The user communities are mod-
eled using Probabilistic Latent Semantic Analysis (PLSA), which pro-
vides a number of advantages such as overlapping communities, as well
as a good rationale for the associations that exist in the data. The data
that are analyzed present challenging peculiarities such as their large
volume and semantic diversity. Initial results presented in this paper
illustrate the effectiveness of the new method.

1 Introduction

The hypergraphical architecture of the Web has been used to support claims
that the Web will make Internet-based services really user-friendly. However,
due to its almost unstructured and heterogeneous environment, as well as its
galloping growth, the Web has not realized the goal of providing easy access to
online information. Information overload is one of the Web’s major shortcomings
that place obstacles in the way users access the required information.

An approach towards the alleviation of this problem is the organization of
Web content into thematic hierarchies, also known as Web directories, such as
Yahoo! [14] or the Open Directory Project (ODP) [9], that allow users to locate
required information. However their size and complexity are canceling out any
gains that were expected with respect to the information overload problem, i.e.,
it is often difficult to navigate to the information of interest to a particular user.
A different approach is Web personalization [8], which focuses on the adaptability
of Web-based information systems to the needs and interests of individual users,
or groups of users. A major obstacle though towards realizing this solution is the
acquisition of accurate and operational models for the users. Reliance to manual
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creation of these models, either by the users or by domain experts, is inadequate
for various reasons, among which the annoyance of the users and the difficulty
of verifying and maintaining the resulting models. An alternative approach is
that of Web Usage Mining [13], which provides a methodology for the collection
and preprocessing of usage data, and the construction of models representing
the behavior and the interests of users [10].

In recent work [11], we proposed, the concept of Community Web Directo-
ries, which combines the strengths of Web Directories and Web Personalization,
in order to address some of the above-mentioned issues. Community Web Di-
rectories are usable Web directories that correspond to the interests of groups
of users, known as user communities. The members of a community can use
the community directory as a starting point for navigating the Web, based on
the topics that they are interested in, without the requirement of accessing vast
Web directories. For the construction of Community Web directories, we have
presented the Community Directory Miner, (CDM) algorithm, which was able
to produce a suitable level of semantic characterization of the interests of a par-
ticular user community. This approach, similar to other clustering approaches,
is based on relations between the users, that correspond to observable patterns
in the usage data. However, there also exists a number of latent factors that are
responsible for the observable associations. These latent factors can be thought
of as the motivation of a particular user accessing a certain page, and therefore
groups of users, can be constructed sharing common latent motives. In the case
of Web directories this method could provide a more thorough insight of the
patterns that exist in the usage data. A common method for discovering latent
factors in data is Probabilistic Latent Semantic Analysis (PLSA), a technique
that has been used extensively in Information Retrieval and Indexing [5]. In this
work we employ this method in order to identify user communities.

The rest of this paper is organized as follows: Section 2 presents existing
approaches to Web personalization with usage mining methods, as well as ap-
proaches to the construction of personalized Web directories. Section 3 presents
our methodology for the construction of Community Web directories. Section 4
provides results of the application of the methodology to the usage data of an
Internet Service Provider (ISP). Finally section 5 summarizes interesting con-
clusions of this work and presents promising paths for future research.

2 Related Work

In recent years, Web personalization has attracted considerable attention. To re-
alize this task, a number of applications employ machine learning methods and
in particular clustering techniques, that analyze Web usage data and exploit the
extracted knowledge for the recommendation of links to follow within a site,
or for the customization of Web sites to the preferences of the users. In [10] a
thorough analysis of the above methods is presented, together with their pros
and cons in the context of Web Personalization. Personalized Web directories,
on the other hand, are mainly associated with services such as Yahoo! [14] and
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Excite [4], which support the manual personalization of their directories by the
user. An initial approach to automate this process, is the Montage system [1],
which is used to create personalized portals, consisting primarily of links to the
Web pages that a particular user has visited, while also organizing the links into
thematic categories according to the ODP directory. A technique for WAP portal
personalization is presented in [12], where the portal structure is adapted to the
preferences of individual users. A related approach is presented in [3], where a
Web directory, is used as a “reference” ontology and the web pages navigated by
a user are mapped onto this ontology using document classification techniques,
resulting in a personalized ontology. The scalability of the content-based classi-
fication methods and their questionable extensibility to aggregate user models
such as user communities, raise important issues for the above methods.

Probabilistic Latent Semantic Analysis has already been used for Web Per-
sonalization, in the context of Collaborative Filtering [6], and Web Usage Min-
ing [7]. In the first case, PLSA was used to construct a model-based framework
that describes user ratings. Latent factors were employed to model unobservable
motives, which were then used to identify similar users and items, in order to
predict subsequent user ratings. In [7], PLSA was used to identify and charac-
terize user interests inside certain Web sites. The latent factors derived by the
modeling process were employed to segment user sessions and personalization
services took the form of a recommendation process.

In this paper we extend the methodology of our previous work for building
Web directories according to the preferences of user communities which are now
modeled with the use of PLSA. The methodology presented in this paper pro-
poses a new way of exploiting the knowledge that is extracted by the analysis of
usage data. Instead of link recommendation or site customization, it focuses on
the construction of Community Web directories, as a new way of personalizing
the Web. The construction of the communities is based on usage data collected
by the proxy servers of an Internet Service Provider (ISP). This type of data, in
contrast to the work mentioned above, has a number of peculiarities, such as its
large volume and its semantic diversity, as it records the navigational behavior
of the user throughout the Web, rather than within a particular Web site. The
methodology presented in this paper handles these problems, focusing on the
new personalization modality of Community Web directories.

3 Constructing Community Web Directories

The construction of Community Web directories is seen here as the end result of
an analysis of Web usage data collected at the proxy servers of a central service
on the Web. The details of the process are described in our previous work [11].
In brief, this process involves the thematic categorization of Web pages, thus
reducing the dimensionality and semantic diversity of the data. A hierarchical
agglomerative clustering approach [15], is used to build a taxonomy from Web
pages included in the log files, based on terms that are frequently encountered
in the Web pages. The resulting taxonomy of thematic categories forms the base
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Web directory. Furthermore usage data are transformed into access sessions,
where each access session is a sequence of accesses to Web pages by the same IP
address, when the time interval between two subsequent entries does not exceed a
certain time interval. Pages are mapped onto thematic categories that correspond
to the leaves of the hierarchy and therefore an access session is translated into a
sequence of categories from the Web directory.

3.1 Building the Probabilistic Model

Most of the work on Web usage mining uses clustering methods or association
rule mining, in order to identify navigation patterns based solely on the “observ-
able” behavior of the users, as this is recorded in the usage data. For instance,
pages accessed by users are a typical observable piece of navigational behav-
ior. However, it is rather simplifying to assume that relations between users are
based only on observable characteristics of their behavior. We are relaxing this
assumption and consider a number of latent factors, that control the user be-
havior and are responsible for the existence of associations between users. These
latent factors can be exploited to construct clusters of users which share com-
mon motivation. The existence of latent factors that rule user behavior provides
a more generic approach for the identification of patterns in usage data and thus
provides better insight into the users’ behavior.

As an example, assume that user u navigates through Web pages that be-
long in the category="‘“computer companies” because of the existence of a latent
cause-factor z. This cause might be the user’s interest in finding information for
business-to-business commerce. However, another user «’ might arrive at the
same category because she is interested in job offers. Hence, the interest of the
second user corresponds to the existence of a different latent factor z’. Despite
the simplicity of this example, we can see how different motives may result in
similar observable behavior in the context of a Web directory.

A commonly used technique for the identification of latent factors in data is
the PLSA method [5], which is supported by a strong statistical model. Applying
PLSA to our scenario of Web directories we consider that there exists a set of user
sessions U={u1, ua,...,u;}, a set of Web directory categories C={c1, ca,...,¢;},
as well as their binary associations (u;,c;) which correspond to the access of
a certain category c; during the session u;. The PLSA model is based on the
assumption that each instance, i.e. each observation of a certain category inside a
user session, is related to the existence of a latent factor, z; that belongs to the set
Z=A{z, za,...,2}. We define the probabilities P(u;): the a priori probability of a
user session w;, P(zi|u;): the conditional probability of the latent factor zj being
associated with the user session u; and P(c;|zx): the conditional probability of
accessing category c;, given the latent factor zj. Using these definitions, we can
describe a probabilistic model for generating session-category pairs by selecting
a user session with probability P(u;), selecting a latent factor z; with probability
P(zr|u;) and selecting a category ¢; with probability P(c;|z;), given the factor
zk. This process allows us to estimate the probability of observing a particular
session-category pair (u;,c;), using joint probabilities as follows:
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P(ui, ¢;) = P(ui) P(cjlus) = P(ui) Y Pej|2r) P(zk]ui). (1)
k
Using Bayes’s theorem we obtain the equivalent equation:
Puiye;) =y P(zx)Pluilz) Pleszr). (2)
k

Equation 2 leads us to an intuitive conclusion about the probabilistic model
that we exploit: each session-category pair is observed due to a latent generative
factor that corresponds to the variable z; and hence it provides a more generic
association between the elements of the pairs. However, the theoretic description
of the model does not make it directly useful, since all the probabilities that
we introduced are not available a priori. These probabilities are the unknown
parameters of the model, and they can be estimated using the Ezpectation-
Mazimization (EM) algorithm, as described in [5].

3.2 Extraction of User Communities

Using the above probabilities we can assign categories to clusters based on the
k factors zp that are considered responsible for the associations between the
data. This is realized by introducing a threshold value, named Latent Factor As-
signment Probability, (LFAP) for the probabilities P(c;|zx) and selecting those
categories that are above this threshold. More formally, with each of the latent
factors z, we associate the categories that satisfy:

P(cj|lzi) > LFAP. (3)

In this manner and for each latent factor, the selected categories are used to
construct a new Web directory. This corresponds to a topic tree, representing
the community model, i.e., usage patterns that occur due to the latent factors
in the data. A number of categories from the initial Web directory have been
pruned, resulting in a reduced directory, named community Web directory. This
approach has a number of advantages. First is the obvious shrinkage of the initial
Web directory, which is directly related with the interests of the user community,
ignoring all other categories that are irrelevant. Second, the selected approach
allows us to construct overlapping patterns, i.e. a category might belong to more
than one community directories, i.e. affected by more than one latent factor. A
pictorial view of a “snapshot” of such a directory is shown in Figure 1, where the
community directory is “superimposed” onto the original Web directory. For the
sake of brevity we choose to label each category using a numeric coding scheme,
representing the path from the root to the category node, e.g. “1.4.8.19” where
“1” corresponds to the root of the tree. Each category is also labelled by the
most frequent terms of the Web pages that belong in it. Grey boxes represent
the categories that belong in a particular community directory, while big white
boxes represent the rest of the categories in the Web directory, which are not
included in the model. The categories “12.2” and “18.79” (the smaller white
boxes) have been pruned, since they do not have more than one child in the
community directory and are thus redundant.
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Fig. 1. An example of a Community Web Directory

4 Experimental Results

The methodology introduced in this paper for the construction of community
Web directories has been tested in the context of a research project, which
focuses on the analysis of usage data from the proxy server logs of an Internet
Service Provider. We analyzed log files consisting of 781,069 records and using
hierarchical agglomerative clustering [15] we obtained 998 distinct categories.
We also constructed 2,253 user sessions, using a time-interval of 60 minutes
as a threshold on the “silence” period between two consecutive requests from
the same IP. At the next step we built the PLSA models, varying the number
of the latent factors. We used 10-fold cross validation, in order to obtain an
unbiased estimate of the performance of the method. We train the model 10
times, each time leaving out one of the subsets from training, and employ the
omitted subset to evaluate the model. Therefore, the results that we present are
always the average of 10 runs for each experiment.

As an initial measure of performance, we measured the shrinkage of the origi-
nal Web directory, compared to the community directories derived by the PLSA
model. This was measured via the average path length of the original directory
and the community directories. These values were computed by calculating the
number of nodes from the root to each leaf of a directory. The results are de-
picted in Figure 2, taken for various values of the LFAP threshold discussed in
Section 3.2. From these results we can derive that the length of the paths is dra-
matically reduced, up to 50%, as the threshold increases. This means that the
users have to follow much shorter paths to arrive at their interests. Furthermore,
the method seems to be robust to the choice of the number of factors.

The community directories are further processed for the evaluation tasks as
follows: a user session is assigned to a community directory based on its condi-
tional probability against the latent factor, P(u;|zx), that defines the community
directory. However, the PLSA model, allows user sessions to belong to more than
one community directory, and hence we identified the most prevalent community
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Fig. 2. Average Path Length

directories, i.e. the community directories where user sessions have the highest
conditional probabilities for the respective factors. For our scenario we select the
three most prevalent directories. From these prevalent community directories a
new and larger directory is constructed by joining the respective hierarchies, re-
sulting in a session-specific community directory. The resulting, session-specific
directories are used in further evaluation.

The next stage of the evaluation process consisted of analyzing the usability
of our models, i.e. the way that users benefit from the community Directories.
We have focused on: (a) how well our model can predict what the user is looking
for, and (b) what the user gains by using a community directory against using
the original directory. In order to define suitable metrics, we followed a common
approach used for recommendation systems [2], i.e., we have hidden each hit,
i.e. category, of each user session, and tested to see whether and how the user
can get to it, using the community directory to which the particular user session
is assigned. The hidden category is called the “target” category here. The first
metric that we used measured the coverage of our model, which corresponds to
its predictiveness, i.e. the number of target categories that are covered by the
corresponding community directories. This is achieved by counting the number of
user sessions, for which the community directory, as explained before, covers the
target category. The second metric that we used was an estimate of the actual
gain that a user would have by following the community directory structure,
instead of the complete directory. In order to realize this, we followed a simple
approach that is based on the calculation of the effort that a user is required to
exert in order to arrive at the target category. We estimated this effort based on
the user’s navigation path inside a directory, towards the target category. This
is estimated by a metric, introduced in [11], named ClickPath, which takes into
account the depth of the navigation path as well as the branching factor at each
step. More formally:
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d
ClickPath = j xbj, (4)
j=1
where d the depth of the path and b; the branching factor at the j-th step.

We have performed experiments varying the number of latent factors. Due
to lack of space, we only present (Figure 3), the results obtained for 20 latent
factors, varying the values of the LFAP threshold defined in Equation 3. The
results for different number of factors are almost identical to the ones shown in
Figure 3, starting at the same coverage and gain levels for small LFAP values
and deviating slightly as the LFAP value increases. The largest difference was
obtained for LFAP=0.1, for which the results are shown in Table 1. Even at
that level, the choice of the number of factors does not have a large effect in the
two measures. The small increase in both coverage and user gain, as the number
of factors increases, can be explained by the fact that, as the number of latent
factors increases, more community directories are created. As the number of
community directories increases, more categories get the chance to appear in one
of the directories, thus increasing coverage. At the same time, smaller community
directories are constructed, resulting in higher user gain. However, even this
small effect disappears as the number of community directories increases above
15. We also provide the results of applying the CDM algorithm to the same
dataset (Figure 4).

From the above figures we conclude that at least 70% of the target cate-
gories are included in the community directories. At the same time the user gain
reaches values higher than 50%, as more categories are pruned from the original
Web directory. Practically this means that the user requires half of the effort to
arrive at the required information. The results also follow a rather determinis-
tic behaviour, i.e. large values of coverage are related with small values of user
gain, as compared with the results of the CDM algorithm. These figures provide
an indication of the behavior and the effectiveness of the application of PLSA
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Fig. 3. PLSA Results Fig. 4. CDM Results
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Table 1. Coverage and User Gain for LFAP 0.1

#5 Factors #10 Factors #15 Factors #20 Factors

Coverage 0.63 0.67 0.71 0.70
User Gain 0.47 0.50 0.55 0.57

to community modeling. Furthermore, they give us an initial measure of the
benefits that we can obtain by personalizing Web directories to the needs and
interests of user communities. However, we have only estimated the gain of the
end user and we have not weighted up any “losses” that could be encountered
in the case that the users would not find the interesting category that they are
looking for in the personalized directory. This issue will be examined in future
work.

5 Conclusions and Future Work

This paper has presented work on the concept of the Community Web Direc-
tory, introduced in our recent work, as a Web Directory that specializes to the
needs and interests of particular user communities. In this case, user community
models take the form of thematic hierarchies and are constructed by employing
Probabilistic Latent Semantic Analysis. The initial directory is generated by a
document clustering algorithm, based on the content of the pages appearing in
an access log. We have tested this methodology by applying it on access logs
collected at the proxy servers of an ISP and have provided initial results, indica-
tive of the behavior of the mining algorithm and the usability of the resulting
Community Web Directories. The results lead us to the conclusion that the ap-
plication of PLSA to the analysis of user behavior in Web directories appears to
be a very promising method. It has allowed us to identify latent information in
the users’ behavior and derive high-quality community directories that provide
significant gain to their users.

In general, the combination of two different approaches to the problem of
information overload on the Web, i.e. thematic hierarchies and personalization,
as proposed in this paper, together with the exploitation of PLSA for the con-
struction of community models, introduces a promising research direction, where
many new issues arise. Further analysis of the PLSA method could be performed
and compared with other machine learning methods, in the task of discovering
community directories. Another important issue that will be examined in fur-
ther work is the scalability of our approach, to larger datasets, i.e. for larger
log files that would result in a larger number of sessions. However, the perfor-
mance of the whole process, together with the PLSA modeling, gave us promis-
ing indications for the methods’s scalability. Finally, more sophisticated metrics
could also be employed for examining the usability of the resulting community
directories.
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Abstract. We develop a novel user-centric modeling technology, which can
dynamically describe and update a person's expertise profile. In an enterprise
environment, the technology can enhance employees' collaboration and
productivity by assisting in finding experts, training employees, etc. Instead of
using the traditional search methods, such as the keyword match, we propose to
use relational and evolutionary graph models, which we call ExpertiseNet, to
describe and find experts. These ExpertiseNets are used for mining, retrieval,
and visualization. We conduct experiments by building ExpertiseNets for
researchers from a research paper collection. The experiments demonstrate that
expertise mining and matching are more efficiently achieved based on the
proposed relational and evolutionary graph models.

1 Introduction

Finding experts in an enterprise is a challenging problem. It is important for
enterprises to understand and leverage their most valuable assets — employees’ minds
and knowledge bases. For instance, when a service-personnel faces problems at a
customer’s site, it would be desirable to have some technology to help identify the
best experts for solving the problem within the company, and thus the solution may
only be a phone call away. In another scenario, if employees’ skills can be explicitly
described, a manager can easily assemble a team for a new project, or an HR person
can suggest what kind of skills an employee should learn.

Currently in an enterprise, the expertise information of employees is usually
established by manual updates. However, this results in serious drawbacks. For instance,
employees may not invest the necessary efforts in creating rich profiles, or they may not
keep the information up-to-date as their interests, responsibilities, and expertise change.
Many employees just provide a few keywords, without any timing information and the
relationships between different expertises. Also, it is often difficult to differentiate who
are the more suitable experts from people with similar expertise skills.

A number of automatic expert finding prototypes have been reported in literature.
Liu et al. [6] and Mockus et al. [9] proposed to solve the expert-mining problem by
using traditional information retrieval techniques. In their approaches, a person’s
expertises are described in terms of a vector without relational or timing information.

L. Ardissono, P. Brna, and A. Mitrovic (Eds.): UM 2005, LNAI 3538, pp. 99 - 108, 2005.
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HelpNet uses the user-filled information to provide the expertise profile [7]. Expert-
Locator uses a representative collection of users’ technical documents to build
expertise indices [17]. Recently, NASA's Expert Finder [1][16] uses the name-entity
extraction to process employees’ published resumes and documents as well as
corporate newsletters. It identifies keywords to create expertise profiles. Expert
Finder presents a ranked list of employees that best matches the query. I-Help [2], an
agent-based system, models a user’s characteristics so that it can assist him/her in
identifying a peer who can help. To select the most appropriate peer for a particular
request, it uses a matchmaking agent that communicates with the personal agents of
other users, by accessing various kinds of vector-based user information.

To capture the relationships between entities, link analysis has been studied for
some time [18]. For instance, the Google search engine [10] and Kleinberg’s HITS
algorithm [5] both use link analysis on the web to find “hubs” and “authorities”. The
success of these approaches, and the discovery of widespread network topologies with
nontrivial pro- perties, had led to a flurry of research on introducing link analysis into
the traditional infor mation retrieval area [4]. In the user modeling area, a related
technology — collabo- rative filtering — is used to help people make choices based on
other people’s opinions [11].

The goal of our paper is to develop a user-centric modeling technology, which can
dynamically describe and update a person’s expertise profile. The most important
feature of our approach is to use expertise graphs for user modeling. A graph model is
built to describe the relationship as well as the temporal evolution of the person’s
expertises. We refer to this expertise profile represented as graphs as an ExpertiseNet.
Figure 1 shows an illustration of the proposed scheme. Both text content and citation
linkages of papers are analyzed to extract the relation and the evolution information of
the person’s expertises. Exponential random graph models (ERGM) [15] and stochas-
tic actor-oriented models [14], which deal with the relations between the entire network
and individual entities, are incorporated to describe the structural properties and dyna-
mics. Also, in this paper, we propose to add the citation linkages to boost the expertise
classification accuracy. After we get the ExpertiseNets, expert mining and matching can
be performed accurately and easily. To the best of our knowledge, our work is the first
to explicitly use relational and evolutionary graph models for user profiling.

Relationship
epresentation Representati

Expertise Expert_ise ?
Mining Matching S

Fig. 1. lllustration of the ExpertiseNet building and expertise mining process
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The main contributions of this paper are summarized as follows:

<> We propose a scheme to represent user profiles by graphs.

< We propose an ExpertiseNet that provides relational and evolutional
information for user modeling.

< We incorporate the exponential random graph models and evolutionary social
network models into the user model analysis.

< We propose to boost the text classification accuracy by including the citation
linkages in the classification algorithm.

The rest of the paper is organized as follows. In Section 2, we present the processes
to build relational and evolutionary ExpertiseNets. We discuss the expertise mining
and matching in Section 3. In Section 4, we show the experimental results of mining
and matching. Finally, conclusions and future work are addressed in Section 5.

2 ExpertiseNet

In this paper, we use a dataset, Cora Research Publication Corpus [8], to simulate the
information we may get in real applications. This set includes 24,778 authors with
more than 50,000 research papers and about 715,000 citation links. The dataset also
provides bibliographic information for each paper, which includes the authors’ names,
affiliations, email addresses, paper title, abstract, and references. These papers were
pre-classified into a hierarchical ontology consisting of 69 expertise categories [8].

2.1 Classifying a Person’s Expertises

We use a text classification algorithm to detect and extract expertise information of
each person. Among the state-of-the-art classification algorithms, we choose the
boosting algorithm [13], which is evaluated as one of the most accurate text
classification algorithms [12]. This algorithm finds a "strong hypothesis" by
combining many "weak" hypotheses for fusing features in different forms.

Previous techniques extract expertise using the words from the title and the abstract
of one’s publications. After a pre-processing stage which excludes “stop words”
(common words that do not really provide any meaning to the document, such as "the",
"it", "or"), and conducts “stemming” which collapses multiple forms of a term into the
same term, we can get the terms as the features. In our work, the citation linkages are
also used to form a feature vector (citation ratio) for classification as defined below.

P(X=x)=c/R (1)

where X is a variable which indicates the citation information for each publication, x
represents one of the 69 categories, ¢ is the number of the citations belonging to

category x, and R is the number of the references in the publication. The intuition of
incorporating this feature is that the paper from one category tends to cite the papers
in the same category. This relational structure is useful to describe the strength of a
person’s expertise on specific categories by his/her publications. In Section 4, we
show that this feature can significantly increase the classification accuracy of a
person’s expertise. After document classification, we have the information about the
number of published papers in each category for one person, which represents the
expertise skills of the person, and is used for building ExpertiseNet for that person.
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2.2 Relational ExpertiseNet

The relational ExpertiseNet of a specific person is formulated as a directional
graph G(V, E), where V represents the node set, and E represents the edge set. Two

nodes v, and v, are adjacent, if edge e; =(vl.,vj) or e, =(vj,vl.) is in the set of

edges E . In the relational ExpertiseNet, each node represents an expertise. The
strength of each expertise is defined as:

5 =P (2)
where s, represents the strength of the expertise i for the person, and p, is the number of

publications in category i. Edges represent the relationship between expertise nodes.

The correlations of a person’s published papers and all papers in the research
society decide the weights of the edges in the graph model. Citation linkages provide
solid evidence of correlations among different expertise. When the citation linkages
are not available, the correlation can be explored by the text similarity analysis. The
process is illustrated in Figure 2, and explained as follows.

For each paper, the dataset contains citation linkages that include both the
information of how this paper cites other papers (out-direction), and how other papers
cite this paper (in-direction). From the publications of a person P, it is reasonable to
infer that his/her expertise X is influenced by Y if papers in category X cite papers in
category Y. For example, in Figure 2, paper #1 is one of the papers in Natural
Langrage Processing (NLP). It cites paper #5, #6, #7 (out-direction citation linkages)
in NLP, Machine Learning (ML), and Information Retrieval (IR) respectively. Papers
#2, #3, #4 in NLP, NLP, and IR, cite paper #1 (in-direction citation linkages). We can
infer that for this person, his/her NLP expertise is influenced by NLP, ML, and IR,
and at the same time, affects IR. With this consideration, the strengths of the edges of
the relational ExpertiseNet are determined by:

where e, _, represents the strength of the edge from expertise A to expertise B, K is

A—>B

the total number of the publications for the person, n ,, represents, the number of

iAB
papers in category A cited by the papers in category B, and N, represents the number

of citations in paper i.

‘ fNTZP)J ‘fNTjP)J ‘ (E) J

[oien ) Loy [ )

Caorrelation

Fig. 2. Building the relational ExpertiseNet from text and citation linkages
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For those people without papers, ExpertiseNet will be built upon the documents
they generated. Latent Semantic Analysis (LSA) [3] is applied on the occurrence
matrix which includes the frequency of occurrence of the words in the document.
LSA is a method for extracting and representing the contextual meaning of words. It
has been used as a technique to measure the coherence of texts. By comparing the
vectors formed by the keywords of two documents in a high-dimensional semantic
space, this method provides a characterization of the degree of semantic relatedness
between documents. LSA starts with a sparse matrix in which the rows represent the
documents and the columns represent the keywords. The values in the matrix are
proportional to the number of times the keywords appear in the document, where rare
terms are upweighted to reflect their relative importance. The correlation matrix is
calculated to determine the edges of the relational ExpertiseNet.

An observation of the ExpertiseNet profile is obtained from the above analysis. Then,
the exponential random graph model (or p* model) [15] is used to estimate an
underlying distribution to describe the relational ExpertiseNet. The strong point of this
statistical model is that they can represent structural tendencies (such as transitivity
which represents the number of transitive patterns) that define complicated dependence
patterns not easily modeled by deterministic models. Given a set of n nodes, let ¥ denote
a random graph on those nodes, and y denotes a particular graph on those nodes. Then

_ exp(HTs(y))
c(0)

where 6 is an unknown vector of parameters, s(y)is a known vector of graph statistics

F(Y=y) 4)

on y(Density(defined by the out-degrees), reciprocity (defined by the number of recipro-
cated relations), transitive triads (defined by the number of a set of edges {(i->/), (j->k),
(i->k)}), and the strengths of the nodes as well as the edges as considered in this paper),

¢(@) is a normalization term. This probabilistic expression has advantages on descrybing
the insights of the network, thus can help to describe the evolution of Expertise Nets.

2.3 Evolutionary ExpertiseNet

In the evolutionary ExpertiseNet, the dynamics and the evolution of expertises are
explored. Two tasks are performed: evolution segmentation (detect changes between
expertise cohesive sections) and expertise tracking (keep track of the expertise similar to
a set of previous expertises). The strength of the nodes as well as the structure of the
network is considered in the evolution segmentation. Temporal sliding windows are
applied. An exponential random graph model is estimated from the data in each window,
i.e., time period. We can obtain a series of parameters which indicate the network
configurations. Then the change points of an evolutional ExpertiseNet are deter mined by:

ﬁ;mk _Hr—l,k| > th )]

where 6, indicates the parameters of the exponential random graph model at time #, M

represents the number of parameters, th is a threshold. The goal is to find all ¢ satisfy (5).

The evolution segments are obtained from these change points. Based on the
correlation between the citations and the development of related research areas, the
tracking edges are determined by
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K n

r, = Tk (©)

where all variables have the same meaning as in (3), except only those papers at time ¢
are considered.

We borrow the ideas from dynamic actor-oriented social networks [14] to describe
the dynamics of the evolutionary ExpertiseNet. The change in the network is modeled
as the stochastic result of network effects (density, reciprocity, etc.). The network
evolution is modeled by continuous time Markov chain models, whose parameters are
estimated from the observed data by the Markov chain Monte Carlo procedures [14].
The transition probability is formulized as:

g

where 3, represents statistical parameters indicating the strength of the corresponding

€,

-1

@)

effect s, ( y) (In our model, we consider density, reciprocity, and transitivity),

¢(,y) is a normalization term, L represents the number of parameters.

3 Expertise Matching and Mining Based on ExpertiseNets

After obtaining the ExpertiseNets (profiles) of individuals, we can perform expertise
mining and matching. We define two kinds of mining. The first one is to get a list of
people who have the expertise of interest and if certain relational patterns between
their expertises exist. The second one is the evolutionary expertise mining, for finding
persons who have certain evolutionary expertise patterns. The searching results are
ranked by the strength of the linkage in relational or evolutionary expertise pattern.

Instead of using traditional vector-based matching algorithms, ExpertiseNet
provides a novel way to search persons with similar evolutional and relational
information of the expertises. This distance function to compare different relational
ExpertiseNets in order to differentiate persons is defined as follows:

dist(G,,G,) Z| 0,,| 8)

where G indicates graphs, € indicates the parameters of the exponential random
graph models, and M represents the number of parameters to describe one graph. For
evolutionary ExpertiseNets, the distance function is formulated as:

dist(G,,G,) Z|ﬁlk ﬁ2k| )]

where /3 are statistical parameters in the actor-oriented model.

4 Experimental Results

In this section, we discuss the implementations and show experimental performance
of the relational and evolutionary ExpertiseNets.
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4.1 Classification Results

We use text classification to automatically extract the strength of each person’s
expertise in different topic categories. Figure 3 shows the classification accuracy vs.
the use of other labeled data over the whole dataset. The highest curve illustrates the
performance of our method. We can achieve about 5% improvement, which is
considered significant in the text classification area.

Accuracy

—*— title

—& title+abstract

—&— title+abstract+references
—+— t+a+r+reference prob

0.1 0.2 0.5 05

Frauc'ﬁon Iabuefed

Fig. 3. Incorporation of citation ratio as a feature boosts classification accuracy

4.2 ExpertiseNet Profiles and Expert Searching

ExpertiseNet provides a dynamic model of semantics evolution in which expertise as
well as inter-expertise relationships exhibit. In this experiment, we show two mining
processes which are based on the relational and evolutionary ExpertiseNets. In the
first experiment, by placing a query term “machine leaning — planning”, we get a list
of persons with expertise of Machine Leaning and Planning (Figure 4 (a)). Figure 4(b)
shows another example, where “machine leaning = planning” is set as the input. A
list of people with machine learning expertise in an earlier stage and planning in a
later stage shows up.

S sy [rachn_eaming -+ plarneg [l

i
1 Dean THOMAS L DEAN
E Diuee EDMUNG H. DURFEE

R Mooney

.
K g

M Jordan

chine_Learning

planning

=53
Learning Expert_Systems

Machine_Learning
robotics

-
v NLP
Visien

i T
T Games_and_Search 1989t01994 1994t0 1987
apeech

(a) Relational mining (b) Evolutionary mining

Fig. 4. Our expertise mining system allows relational and evolutionary mining that results in a
ranked people list, along with visualizations of ExpertiseNets and the 69 categories from Cora
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Fig. 5. Two persons with the same expertise vector can be differentiated by ExpertiseNet

In order to validate our model, we searched each person’s website to get more infor-
mation from one’s resume, editorships, publications, etc. We randomly chose 50
persons and did this validation manually. It shows that the ExpertiseNet models can
represent accurate information about the persons. Two examples are illustrated in
Figure 5 and Figure 6. In Figure 5, there are two persons with the same expertise, ‘“Prof.
Chen”(http://www.cise.ufl.edu/~suchen/DrChen.htm) and “Prof. Lafferty” (http:/www-
2.cs.cmu.edu/~lafferty). By vector-based representation, it is difficult to differentiate
them. However, it is easy to illustrate the differences by relational ExpertiseNets. From
their websites, we know that Prof. Chen has background in speech/signal processing,
while Prof. Lafferty is mainly interested in machine learning and statistical methods. This
information validates our models: Speech contributes more to other expertises for Prof.
Chen, and machine learning contributed more to other expertises for Prof. Lafferty.

Figure 6 illustrates the necessity of using evolutionary ExpertiseNets. In this
example, we try to distinguish two professors. We can see that Prof. Langley mainly
contributed in machine learning, and later, he applied this expertise to other areas,
while Prof. Durfee’s expertise on planning, agents, robotics seems to be developed at
the same time, and interacts to each other a lot. This conclusion is also validated by
the information from their websites.

P Langley £ Durfee

-Data_Mining

I;Ianning 'Y’Ia nning
chine_LearnExpert_Systems x—._._,.
. gents__ * Agents
M . - VA £
Robatics Robotics ~ Robotics
Machine_Learning l;!a chine_Learning
- - -
1975t01993 1993101996  1996t01998 1988t01995 1995t01998

Fig. 6. Two persons’ expertise evolutions are accurately captured by the ExpertiseNets

4.3 Expertise Matching

Figure 7 shows the expertise matching result for finding persons with similar
expertise and relationship among expertise. Here we use Professor “Michael Jordan”
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Fig. 7. A system for searching similar persons based on the ExpertiseNets

as the query input (http://www.cs.berkeley.edu/~jordan/). We can get a list of ranked
experts according to the similarity to “Michael Jordan” in terms of ExpertiseNet.

To complement quantitative evaluation, we have set up an online evaluation system
as well as a demo system which allow interactive exploration of expert searching and
matching (http://students.washington.edu/~xdsong/index_files/Demos/ expertisenet.htm). In
the online evaluation system, experts in the database are allowed to evaluate their own
ExpertiseNet as well as the expert searching and matching results.

5 Conclusions and Future Work

In this paper, we propose a relational and evolutionary graph model called ExpertiseNet
for expert modeling, which discovers both the relational and evolutionary information.
Citation linkages and textual data are used to build the ExpertiseNets. The temporal
evolution and relational information of expertises are explicitly described in the
ExpertiseNet graph profiles that are used for mining, retrieval, and visualization. The
parameters from ERGM and dynamic actor-oriented graph models are used to describe
the structural properties and dynamics of the ExpertiseNet. We also introduce a new
feature that boosts the expertise text classification accuracy by approximately 5%.
Manual validations demonstrate the effectiveness of the proposed relational and
evolutionary ExpertiseNets on applications of expert mining and matching. So far, the
studies are complemented by qualitative evaluation. We have set up an online
evaluation system for further quantitative evaluation.

Both the relational and the evolutionary ExpertiseNets are scalable since when new
data arrive, only parts of the models need to be updated with the new info. For
relational ExpertiseNet, only the related nodes and edges need to be updated without
changing of other nodes and edges in the graph. For evolutionary ExpertiseNet, new
information from the recent time period only affects the last level, or generates
another level in the graph.

To the best of our knowledge, we are the first to explicitly use relational and
evolutionary graph models for user profiling. Our ongoing work includes extending this
graph-based user modeling frame work for user behavior modeling, and finding and
predicting people’s information dissemination behaviors and roles in various events.
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Abstract. We propose an approach for modeling the navigational be-
havior of Web users based on task-level patterns. The discovered “tasks”
are characterized probabilistically as latent variables, and represent the
underlying interests or intended navigational goal of users. The ability to
measure the probabilities by which pages in user sessions are associated
with various tasks, allow us to track task transitions and modality shifts
within (or across) user sessions, and to generate task-level navigational
patterns. We also propose a maximum entropy recommendation system
which combines the page-level statistics about users’ navigational activ-
ities together with our task-level usage patterns. Our experiments show
that the task-level patterns provide better interpretability of Web users’
navigation, and improve the accuracy of recommendations.

1 Introduction

Web users exhibit different types of behavior according to their interests and
intended tasks. These interests and tasks are captured implicitly by a collection
of actions taken by users during their visits to a site. For example, in a dynamic
application-based e-commerce Web site, they may be reflected by sequences of
interactions with Web applications to search a catalog, to make a purchase, or to
complete an online application. On the other hand, in an information intensive
site, such as a portal or an online news site, they may be reflected in a series of
user clicks on a collection of Web pages with related content.

Web usage mining is a collection of techniques for modeling Web users’ nav-
igational behavior. Beginning from Web server log data, Web usage mining in-
volves the application of data mining and machine learning techniques, such as
association rule mining, clustering, or sequential pattern analysis to identify us-
age patterns. Web usage mining has achieved great success in various application
areas such as Web personalization [13, 14], link prediction and analysis [11, 20],
Web site evaluation or reorganization [21,22], Web analytics and e-commerce
data analysis [10], Adaptive Web sites [17,12].

Since users’ activities are recorded in terms of visited pages at the session
level, after the data mining process, the discovered page-level patterns only pro-
vide limited interpretability in terms of the underlying users interests and the

L. Ardissono, P. Brna, and A. Mitrovic (Eds.): UM 2005, LNAI 3538, pp. 109-118, 2005.
(© Springer-Verlag Berlin Heidelberg 2005
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intended tasks. For example, we may find an association rule A — B involv-
ing pages A and B. This page-level pattern, by itself, provides no clue as to
nature of association between A and B or the reasons why they are commonly
visited together. However, if we are able to view user interactions at a “higher”
level of abstraction, we may be able to explain the association in terms of a
common task or content category involving these pages. The ability to better
explain or interpret the patterns at the higher abstraction level, in turn, can
lead to more accurate predictive models such as those used in personalization
and recommender systems.

Some recent work has focused on methods to model users’ behavior at “higher”
abstraction levels. In [16], Web items (documents) are first clustered based on
users’ navigational data, and then user behavior models are built at this item-
cluster level. In [4], an aggregated representation is created as a set of pseudo
objects which characterize groups of similar users at the object attribute level.
While these approaches have proved useful in some applications, they generally
rely on manually pre-defined semantic features or ad hoc clustering methods
which limit their flexibility.

In this paper, we propose a new Web user modeling approach called task-
ortented user modeling. The basic assumption we make is that, in a Web site
there exists a relatively small set of common navigational “tasks” which can ex-
plain the behavior of numerous individual Web users at different points in their
interactions with the site. We use the Probabilistic Latent Semantic Analysis
(PLSA) model [6] to probabilistically characterize these tasks, as well as the
relationships between the tasks and Web pages or users. We then propose an
algorithm based on Bayesian updating to discover individual user’s underlying
tasks, as well as the temporal changes in these tasks, thus generating task-level
usage patterns. These task-level patterns enable us to better understand users’
underlying navigational goals or interests. We also propose a Web recommen-
dation system based on a maximum entropy model [18,1], which can flexibly
combine knowledge about Web users’ navigational behavior by integrating the
standard page-level and our proposed task-oriented models.

This paper is organized as follows. We present our task-oriented user model
in Section 2. In Section 3, we introduce our recommendation system which takes
into account both the page-level and task-level usage patterns. We evaluate this
recommendation system and report our experimental results on two real data
sets in Section 4. Finally, in Section 5, we identify avenues for future work and
conclude this paper.

2 Task-Oriented User Modeling with PLSA

In [9], we introduced a general and flexible approach for Web usage mining based
on Probabilistic Latent Semantic Analysis (PLSA). Here we employ the PLSA
framework to quantitatively characterize users’ navigational tasks, as well as the
relationships between these tasks and Web pages or users.
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The first step in Web usage analysis is the data preparation process. Raw
Web log data is cleaned and sessionized to generate user sessions. Each user
session is a logical representation of a user’s single visit to the Web site (usually
within certain time interval). After data preparation (see [3] for details), we have
a set of user sessions U = {uy,us, -, un}, a set of pages P = {p1,p2, -, 0n}
The Web session data can be conceptually viewed as a m X n session-page matrix
UP = [w(ui, pj)lmxn, where w(u;, p;) represents the weight of page p; in user
session u;. The weights can be binary, indicating the existence or non-existence
of the page in the session, or they may be a function of the occurrence or duration
of the page in that session. We use a set of hidden (unobserved) variables Z =
{z1, 22, ..., z1}, which in our framework, correspond to users’ common tasks. Our
goal is to automatically discover and characterize these tasks, and then obtain
a view of the users’ behavior in the site by associating their actions with the
discovered tasks.

Each usage observation, which corresponds to an access by a user to a Web
resource in a particular session which is represented as an entry of the m x n
co-occurrence matrix U P, can be modeled as

l

Pr(u;,p;) = Y Pr(zi) o Pr(uilzi) e Pr(p;|a), (1)
k=1

summing over all possible choices of z; from which the observation could have
been generated.

Now, in order to explain a set of usage observations (U, P), we need to es-
timate the parameters Pr(zy), Pr(u;|zi), Pr(p;|z,), while maximizing the log-
likelihood of the observations.

L(U,P)=)"

i=1j

m n
w(u;, p;) log Pr(u;, p;). (2)
=1
We use the Expectation-Maximization (EM) algorithm to perform maximum
likelihood parameter estimation of Pr(zy), Pr(u;|zx), Pr(p;|zk). These proba-
bilities quantitatively measure the relationships among users, Web pages, and
common interests (tasks). For example, Pr(p;|z) represents the probability of
page p; being visited given a certain task zj is pursued. While Pr(u;|z;) mea-
sures the probabilities of a user engaging in a certain task.

Given the estimated probabilities from the PLSA model, our next goal is to
identify user’s tasks from individual user sessions. Taking into account the order
of pages being visited in user sessions, each user session can also be represented
as a sequence of pages, as u; = (p},p?,---,pt), where p/ € P. Here we use a
Bayesian updating method, to compute the posterior probability of each task
within each individual user session, given the assumption that pages are inde-
pendent given a task. These probabilities measure the relative importance of
each task within the session. Also, we use a sliding window over the user’s click-
stream history reflecting our assumption that the most recently visited pages
are better predictors of user’s current interests. The algorithm is as follow.
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Input: a user session wu;, Pr(p;|z,). Each user session is represented as a page
_ 1 2 t J
sequence, u; = (p;,p;,---,DpL), v} € P.
Output: a user session represented as a task sequence.

1. Get the first L pages from u; and put them into a sliding window W.
2. Using Bayesian updating [19], we compute the probability of each task given
all the pages in W:

Pr(z|W) = W x Pr(z) [[ Prpl2) (3)
peEW

3. Pick those tasks with probability exceeding a pre-defined threshold as the
current tasks and output them.

4. Move the sliding window to the right (remove the first page from the window,
and add the next page in u; into the window), recompute the probability of
each task given the current sliding window, and pick the dominant tasks.

5. Repeat this process until the sliding window reaches the end of this session.

After running this algorithm, each user session can be represented as a se-
quence of tasks, u; = (z;,- -+, 2,), where 2’ is either a single task or a small set
of dominant tasks. This representation gives us a direct understanding of users’
interests and the temporal changes in these interests.

Given these task sequences, we can discover task-level patterns from these
task sequences. For example, we can identify the most popular task(s) and the
least popular task(s), or we can run simple first-order Markov model to compute
probabilities of task transitions, Pr(z|z,), etc. These task-level patterns demon-
strate the Web site’s functionalities from the users’ point of view, and may help
the site designer to evaluate and reorganize the site. Another direct application
is to generate recommendations based on users’ tasks and task transitions. In
the next section, we will present a flexible and accurate recommendation system
which combines both the page-level and task-level patterns.

3 Recommendations Based on Maximum Entropy

In this section, we present our maximum entropy based recommendation sys-
tem. The system consists of two components. The offline component accepts
constraints from the training data and estimates the model parameters. The
online part reads an active user session and runs the recommendation algorithm
to generate recommendations (a set of pages) for the user.

To make predictions or generate recommendations for active users, we aim
to compute the conditional probability Pr(pgq|H (u;)) of a page pq being visited
next given a user’s recent navigational history H(u;), here pg € P, and H(u;)
represents a set of recently visited pages by w;. Since the most recent activities
have greater influence on reflecting a user’s present interests, we only use the
last several pages to represent a user’s history.
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3.1 The Maximum Entropy Model

To discover Pr(pq|H (u;)), we adopt a maximum entropy model, a powerful sta-
tistical model, which has been widely applied in many fields, including statistical
language learning [18], information retrieval [8] and text mining [15]. The goal of
a maximum entropy model is to find a probability distribution which satisfies all
the constraints in the observed data while maintaining maximum entropy. One
main advantage of using maximum entropy model is that one or more knowledge
sources can be integrated at different levels of abstraction in a natural way. Here
we extract two levels of statistics about Web users’ navigational behavior, and
use them as features and constraints to fit our model.

In our model, we use page-level and task-level usage patterns extracted from
Web users’ navigation data. For each type of patterns, we define features that
capture certain statistics of users’ navigational behavior.

1. Features Based on Page-level Usage Patterns
For simplicity, here we adopt the first-order Markov model to generate page
transitions. For each page transition p, — p, where Pr(py|pa) # 0, we define
a feature function as:

1 if page p, is the last page in H(u;), and py, = pq,
foapo (H (1), pa) = { 0 otherwise )

2. Features Based on Task-Level Usage Patterns
Similarly, given a task transition z, — 2z, we define a feature as
fza,,zb (H(uz)apd)

1 if the dominant task of H(u;) is zq, and after moving
sliding window right to include pg4, 2zp will be the
Jzarz (H(ui),pa) =

dominant task,
0 otherwise

Based on each feature f,, we represent a constraint as:

ST Pr(palH(u)) o fo(H(us)pa) = S fo(H(u), D(H(u)) — (4)

u; pgeP

where D(H (u;)) denotes the page following wu;’s history in the training data.
Every constraint restricts that the expected value of each feature w.r.t. the model
distribution should always equal its observation value in the training data. After
we have defined a set of features, F' = {f1, fa2,- -, ft}, and accordingly, generated
constraints for each feature, it’s guaranteed that, under all the constraints, a
unique distribution exists with maximum entropy [7]. This distribution has the
form:

GCCP(ZS )‘sfs(H(ui)vpd)) (5)

Z(H (us))

Pr(palH(u;)) =
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where Z(H (u;)) = 3_, cp Pr(palH (u;)) is the normalization constant ensuring
that the distribution sums to 1, and As are the parameters needed to be esti-
mated. Thus, each source of knowledge can be represented as constraints (cap-
tured by the corresponding features) with associated weights. By using Equa-
tion 5, all such constraints are taken into account to make predictions about
users’ next action given their past navigational activity.

There have been several algorithms which can be applied to estimate the As.
Here we use the Sequential Conditional Generalized Iterative Scaling (SCGIS) [5],
which seems to be more efficient especially when the number of outcomes is not
very large (in our case, the number of pages in a site). We also apply the smooth-
ing technique suggested by Chan and Rosenfeld [2], which has shown to be able
to improve the model by using some prior estimates for model parameters.

3.2  Generating Recommendations

After we have estimated the parameters associated with each feature, we can
use Equation 5 to compute the probability of any unvisited page p; being visited
next given certain user’s history, and then pick the pages with highest probabil-
ities as recommendations. Given an active user u,, we compute the conditional
probability Pr(p;|u,). Then we sort all pages based on the probabilities and pick
the top N pages to get a recommendation set. The algorithm is as follows:

Input: active user session u,, parameters \s estimated from training data.
Output: Top N pages sorted by probability of being visited next given u,.

1. Consider the last L pages of the active user session as a sliding window (these
pages are considered as this user’s history), and identify all the task(s) with
probability exceeding a pre-defined threshold using Equation 3 in Section 2.
(L is the size of the sliding window, also the length of the user history.)

2. For each page p; that does not appear in the active session, assume it is

the next page to be visited, and evaluate all the features based on their

definitions (above).

Using Equation 5 to compute Pr(p;|u,).

4. Sort all the pages in descending order of Pr(p;|u,) and pick the top N pages
to get a recommendation set.

©w

4 Experimental Evaluation

We used two real Web site data sets to empirically measure the accuracy of our
recommendation system. Our accuracy metric is called Hit Ratio and is used
in the context of top-N recommendation framework: for each user session in
the test set, we take the first K pages as a representation of an active session
to generate a top-/N recommendations. We then compare the recommendations
with page K + 1 in the test session, with a match being considered a hit. We
define the Hit Ratio as the total number of hits divided by the total number of
user sessions in the test set. Note that the Hit Ratio increases as the value of
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N (number of recommendations) increases. Thus, in our experiments, we pay
special attention to smaller number recommendations (between 1 and 10) that
result in good hit ratios.

The first data set is based on the server log data from the host Computer
Science department. The site is highly dynamic, involving numerous online ap-
plications, including admissions application, online advising, online registration,
and faculty-specific Intranet applications. After data preprocessing, we identify
21,299 user sessions (U) and 692 pageviews (P), with each user session consisting
of at least 6 pageviews. The number of tasks is set to 30, and the length of user
history is set to 4. This data set is referred to as the “CTI data”. Our second
data set is based on Network Chicago Web servers representing the Chicago Pub-
lic Television and Radio. A total of 4,987 user sessions and 295 Web pageviews
were selected for analysis. Each user session consists of at least 6 pageviews. In
contrast to the CTT data, this site is comprised primarily of static pages grouped
together based on their associations with specific content areas. In this case, we
expect users’ navigational behavior reflect their interests in one or more pro-
grams represented by the content areas. In the experiment, task number is set
to 15 and the length of user history is set to 4. We refer to this data set as the
“NC data”.

We tried different number of tasks and picked the one achieving the maximum
likelihood of the training data. User history length was determined based on the
average session length in the training data. Each data set was randomly divided
into multiple training and test sets to use with 10-fold validation.

4.1 Examples of Task and Task-Level Usage Patterns

We applied the PLSA model to each of the training data sets, and then ran the
task-level pattern discovery algorithm to generate task-level usage patterns. An
example of a task-level usage pattern from the CTI data, and the associated task
transition tracking within a selected user session, is depicted in Figure 1.

The user visited 12 pages in the selected session (the upper table in
Figure 1). After we ran the algorithm in Section 2 for this session, we generated
a task sequence depicted in the lower table. The sliding window moves from the
beginning of the session to the end. At each position, we show the top two tasks
with corresponding probabilities (in each row). We can see that the user was
mainly performing two tasks in this session: Task 10 and Task 21. The figure
also shows the top pages associated with Task 10 and Task 21. Task 10 clearly
represents prospective international students looking for admission information,
while Task 21 represents the activity of prospective students who are actually
engaged in the process of submitting an application. As evident from the task
transition model, this user gradually finished Task 10 and moved to Task 21.
The changes of the probabilities associated with these tasks clearly reflect the
change of the user’s interests.

After identifying the tasks and their temporal changes in each user session,
we are able to generate recommendations not only based on the page transitions,
but also based on users’ current task and next possible task.
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A real user session
(page listed in the order of being visited)

Task 10
('in descending order
of Pr(pageltask) )

Task 21
(in descending order of
Pr(pageltask) )

1. Admission main page

Department main page

Online application — start

2. Welcome information — Chinese version

Admission
requirements

Online application — stepl

3. Admission info for international students

Admission main page

Online application — step2

4. Admission - requirements

Admission costs

Online application - finish

5. Admission — mail request

Programs

Online application -
submit

6. Admission — orientation info

Online application —
step 1

Online application -
newstart

7. Admission — F1 visa and 120 info

Admission — Visa & I-
20 information

Department main page

8. Online application - start

Admission —

Admission requirements

international students

9. Online application — step 1

10. Online application — step 2

11. Online application - finish

12. Department main page

A real user session (only the No. of pages are listed)

1 [2 [3 [4 5 6 7 3 9 10 11 12
T10: 0.6 T21: 0.4
T10: 0.7  T21: 0.3
T10: 0.8 T21:0.2
T10: 0.8  T21:0.2
T10: 0.6  T21: 0.4
T10: 0.3 T21:0.7
T10: 0.1  T21: 0.9
T10:0  T21: 1

T10: 0.2 T21: 0.8
Sliding window (W) moves from the beginning to the end of this user session. Top 2 tasks and
corresponding Pr (task | W) are shown.

Fig. 1. Task Transition Example from CTI Data

4.2  Experimental Results

We identified page-level and task-level features as discussed in Section 3 and
built our recommendation system according to the algorithm of Section 3. For
comparison, we built another recommendation system based on the standard
first-order Markov model to predict and recommend which page to visit next.
The Markov-based system models each page as a state in a state diagram with
each state transition labeled by the conditional probabilities estimated from the
actual navigational data from the server log data. It generates recommendations
based on the state transition probability of the last page in the active user
session.

Figure 2 depicts the comparison of the Hit Ratio measures for the two rec-
ommender systems in each of the two data sets. The experiments show that
the maximum entropy recommendation system has a clear overall advantage
in terms of accuracy over the first-order Markov recommendation system on
the CTI data, which demonstrates that the incorporation of task-level usage
patterns actually help achieve better recommendation accuracy. As for the NC
data, our model also performs better in general, but the overall advantage is not
as apparent as that in the CTI data. One explanation of the difference in the
results is that the CTI Web site provides many distinct functionalities for users.
Student users can collect admission information, submit online applications, and



Task-Oriented Web User Modeling for Recommendation 117

CTI - Hit Ratio Comparison NC - Hit Ratio Comparison

=%

‘//'

\
:

Hit Ratio
Hit Ratio

:
R

Recommendation Size Recommendation Size

‘ —&— First Order Markov Model —#— Maximum Entropy ‘ ‘ —&— First Order Markov Model —#— Maximum Entropy ‘

Fig. 2. Recommendation accuracy: maximum entropy model vs. Markov model

perform degree audits, while faculty members can do online advising, etc. While
the content-based functionalities from NC site are not so distinct as those of
CTI site. Therefore, the benefit of using tasks there is not so impressing.

5 Conclusions and Future Work

In this paper, we have presented a framework for modeling Web users’ naviga-
tional behavior based on the automatically discovered task-level patterns. We
have employed a probabilistic approach which can characterize the user tasks
as a set of latent variables. We also demonstrated that the task-level patterns
can be seamlessly integrated with the standard page-level patterns in Web usage
mining to provide the basis for a more flexible and accurate Web recommender
system. To achieve this integration, we employed a maximum entropy model
which can be used to effectively combine knowledge from multiple sources de-
scribed as various constraints imposed on the data.

In the future, we plan to conduct work in several directions. We intend to
further explore the work on modeling Web users’ navigational behavior at the
task-level, such as modeling the hierarchical structure of users’ interest and tasks.
We also intend to incorporate other source of knowledge, such as from the Web
site content and linkage into the user modeling process.
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Abstract. Personalization today has wide spread use on many Web
sites. Systems and applications store preferences and information about
users in order to provide personalized access. However, these systems
store user profiles in proprietary formats. Although some of these systems
store similar information about the user, exchange or reuse of information
is not possible and information is duplicated. Additionally, since user
profiles tend to be deeply buried inside such systems, users have little
control over them. This paper proposes the use of a common ontology-
based user context model as a basis for the exchange of user profiles
between multiple systems and, thus, as a foundation for cross-system
personalization.!

1 Introduction

Typically, personalization occurs separately within each system that one inter-
acts with. Each system independently builds up user profiles, i.e. information
about a user’s likes/dislikes, and uses this information to personalize the sys-
tem’s content and service offer. Most of the personalization techniques [4] rely
on either the implicit collection of information about users by tracking and
analyzing their system usage behavior or the users explicitly providing informa-
tion about themselves or giving feedback to the system. Such approaches have
two major drawbacks: 1) investments of users in personalizing a system are not
transferable to other systems; 2) users have little or no control over the informa-
tion that defines their profile. Cross system personalization, i.e. personalization
that shares information across different systems in a user-centric way, can over-
come the aforementioned problems. Information about users, which is originally
scattered across multiple systems, is combined to obtain maximum leverage. In
this paper we present the Unified User Context Model(UUCM), an extensible,
ontology based user context model, that is the foundation of the approach to
cross-system personalization as an application of unified user models. The user
becomes a hub and a switch, moving, controlling and synchronizing user profile
data as part of a so-called Context Passport [3].

1 This research was partially funded under the IST-2003-507173 Project VIKEF.

L. Ardissono, P. Brna, and A. Mitrovic (Eds.): UM 2005, LNAI 3538, pp. 119-123, 2005.
(© Springer-Verlag Berlin Heidelberg 2005
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2 Related Work

User models have been used in recommender systems for content processing and
information filtering. Recommender systems, by observing preferences through
interactions with users, keep summaries of their preferences in a user model,
and utilize this model to adapt themselves to generate customized information
or behavior. Systems incorporating models of users interest [2] and other cogni-
tive patterns have been widely used to selectively filter information on behalf of
users. Task models of user are considered important [1] based on the assump-
tion that the goals of users influence their information needs. Along with the
aforementioned modeling dimensions, environmental aspects are considered a
key issue when modeling the user for improving the interaction between human
and computer.

Besides these more generic aspects of user modeling, there are also some ef-
forts in standardizing user model related aspects, mostly in application-specific
areas. The vCard specification and X.500, known as LDAP, are related stan-
dards. The IMS Learner Information Package (LIP) specification offers a data
model that describes characteristics of a user needed for the general purpose of
recording and managing learning related history, goals and accomplishments. In
addition, the IEEE Public And Private Information (PAPI) specification was
created to represent student records.

The above standards are well known, but suffer from some drawbacks. vCard
is suited for light weight user profiles like contact information or directories.
While LDAP allows storing user information as entries made up of attributes, the
directory schemas place restrictions on the attribute types that must be, or are
allowed to be, contained in an entry. IMS and PAPI are more generic and based
on standards like XML. However, they are not conceptually extensible. A unified
user profiling format needs to take into account the domain knowledge that
might be required for various applications. In order to support personalization
across multiple systems, a broader understanding of the user is required as is
also discussed in [2, 3].

3 The Unified User Context Model

The UUCM is a user context model that is structured along different dimensions
and captures the fact that the user interacts with systems in different working
contexts by structuring the model accordingly. In order to support cross-system
personalization, the model has to be flexible and extensible enough to deal with
the variations in personalization approaches and to incorporate the various as-
pects relevant for capturing the users’ characteristics and his current situation.
The main building blocks for the UUCM is an extensible set of facets represent-
ing the characteristics of the user and his current context. We use the term facets
instead of properties, because we do not only capture attribute value pairs, but
also probabilities and qualifiers for facet values, thus giving a richer description
as it is typical for frame-based languages. An extensible set of UUCM dimensions
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enables the structuring of the facets into groups of user characteristics (e.g. facets
related to cognitive pattern). In the context of UUCM, qualification of names
as well as values of the facets is a crucial aspect. Both names and values may
refer to vocabularies or ontologies, giving the possibility to connect to shared
vocabularies, thus simplifying interpretation in a global (cross-system) context.
FEach UUCM facet is described by the following properties, part of which are
optional:

— Facet name - name of the UUCM facet to be described;

— Facet qualifier - used to bind the facet to a defining vocabulary or ontology;

— Facet value - value of the facet, which can be a simple literal as well a
reference to a structured resource depending on the domain;

— Value qualifier - a qualifier for the value(s) of the facet, i.e. it points to the
vocabulary or ontology the value is taken from;

— Value probability - a weight reflecting the probability of the facet value;

— Facet dimension - each facet is assigned to one of the UUCM dimensions.

The UUCM defines a meta-model for the concrete dimensions and facets used
in the description of a user context model. For the cross-system personalization
approach, that we are aiming for, it is assumed that this user context meta-
model is published as a shared ontology and all participating systems rely on
this model. In support of the UUCM, other ontologies are required: a facet
ontology that defines the different facets, a dimension ontology that defines facet
dimensions and, optionally, also ontologies for the facet values. More details are
available in [3]. Information for filling profiles based on UUCM context models
are gathered by observing the user interactions, such as items bought, rating
provided by users on items, keywords searched, etc. An alternative form to collect
values for the facets is to ask the user to fill in an initial form, where the user
can enter information about his/her characteristics. The main problem of this
process is that its validity depends on whether the users are willing to update
the information regularly. A possible solution is to integrate/update the explicits
interests given by the user with the automatic generation of profiles exploiting
supervised learning techniques [5]. An example of collecting information for the
Relationship Dimension can be found in [6].

4 UUCM in a Real World Cross System Scenario

There are three objectives which cross-system personalization needs to address:
1) broader user models that can cope with the variety in user modeling,
2) handling heterogeneous personalization systems and approaches, and
3) giving more control to the user. In line with these objectives, we claim that
user profiles should be stored closer to the user. However, maintaining user pro-
files on the user’s side presents some challenges. Interacting with multiple in-
formation systems may lead to a large amount of interaction data. Since the
individual system best understands the local interactions this should be done
within the individual personalization engine and only higher level descriptions



122 B. Mehta et al.

of users should be exchanged between the information system and the unified
user profile, which we call the Context Passport. The exchange of such informa-
tion requires a negotiation between activities that an information system can
perform and those activities that the user context outlines. The Cross System
Communication Protocol (CSCP) provides a platform for such negotiations.

4.1  Example Scenario for Unified Profiling in Instant Messaging

In an examle scenario, two Instant Messaging (IM) applications: the MSN and
Yahoo Messenger are considered. Essentially the user profiles of these IM net-
works are lists of contacts that a person is explicitly connected with. While the
profiles of these applications focus on modeling relationship aspects, the pro-
files have a different structure to model this user information. MSN Messenger
allows user to have custom names, but has predefined categories for classifying
contacts (Friends, Family, etc). Yahoo Messenger does not allow custom names,
but allows creation of new categories. Furthermore, with MSN Messenger, it
is possible to have a person on your list, yet to block them from contacting
you. Yahoo has different structure, and to block or ignore a contact, this per-
son has to be deleted from the list and then added to a separate ignore list.
Most user profile formats like PAPI and IMS will fail to store a unified profile
completely.

As an concrete example, we take up a simple user profile for a fictitious
user John’s MSN and Yahoo (Figure 2) profiles. Both these models use com-
mon concepts, which can be represented by a common vocabulary consisting of
concepts tm:Contact, im:Contact-List, im:Group related by relationships dis-

manPrdile | | T Coect Ll [ UUCM Allowed-Contact |
\_,_ yshooiPrchile | | |FacemName: Stng = gnored-contat |
Liphasiat 1 - |Facemuaimer = ULICHWAllowed-C ontact

"
Yy im:has-kat % Ay
.‘\’ bttt T |Value Object
I Contact-List i - |valueQualimer - im Contact
i Allow List | b
17 e |
0.0 { imhas-contact P S0l Bonean = (i hawfolder Bodean mse-. ont —
Im: Cantact T
s 1 \ |
:::ur::_"m e contact] o i has-Contact | ! ULICM Reetationship {
imiis-in-groun Cord wie
irormi | im:Contact

=t r
T iy i has-grous mhasgroup o

| desenbeatly
[
Iﬂf; | WL UL CMIgnoma-C antact
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Fig. 1. User Profile Ontology for MSN and Yahoo Messenger
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Fig. 2. (a)John’s Profile for MSN and Yahoo(b)John’s Yahoo Profile in UUCM
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cussed in Section 3, as shown in Figure 1(a),(b). Analyzing the domain for
IM user profiles, we reach a common model shown in Figure 1(c), composed
of only two facets. The same common model can be used for AOL, ICQ and
other IM applications with minor modifications to the common vocabulary.
Thus this model represents the domain model for the IM domain. Further ad-
ditions to the model are possible, but for this example, we assume the pro-
file to be composed of only a categorized list of contacts. Using this under-
standing, we can represent both the profiles in the UUCM format. Figure 2(b)
shows how the Yahoo profile can be represented. The MSN profile can be simi-
larly represented. We note that the profiles for these applications lie completely
in the Relationship dimension. By using a common format for representing
users, these two applications can more easily interoperate, and one applica-
tion can connect to both networks while maintaining a common profile. Similar
models can be constructed for eCommerce websites and personalized content
providers.

5 Conclusions

This paper proposes the use of a unified user profile format, which can be ex-
tended for use with multiple applications, and potentially be used to exchange
common information between multiple systems. The UUCM provides a basis
for the realization of cross-system personalization approaches that enable the
exchange and reuse of user profiles across different systems. UUCM components
refer to common vocabularies or ontologies in order to give the possibility to
interpret the user models in the different contexts.
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Abstract. The paper illustrates how student modeling and advice generation
methods can be used to address problems experienced in Web-based distance
education courses. We have developed the TADV (Teacher ADVisor)
framework which builds student models based on the tracking data collected by
a course management system and uses these models to generate advice to the
course instructors, so that they can improve their feedback and guidance to
distance students. The paper introduces TADYV, describes how student, group,
and class models are used for generating advice to the teachers, and discusses
the viability of this approach based on an evaluative study with users.

1 Introduction

Although Web-Based Distance Education (WBDE) is very popular nowadays, some
problems are reported, such as the students’ feeling of isolation and the instructors’
communication overhead and difficulty to address the needs of individuals and groups
([5]1, [10]). To overcome these problems, the software used in WBDE may play the
role of an advisor and provide both students and teachers with an appropriate help.
While many systems include tools to provide adaptive help to students (e.g. [2], [4],
[91, [12]), there is insufficient support for teachers in WBDE. Our research focuses on
assisting teachers in WBDE by delivering appropriate computer-based advice to help
them manage their distance courses effectively. We consider distance courses built
with Web Course Management Systems (WCMS) - a platform commonly adopted in
many educational organizations for learning and teaching on the Web (e.g. WebCT,
Blackboard, Centra Knowledge Center, Moodle, etc.).

To effectively play their new role of facilitators who support the students' in their
learning, the teachers in WBDE need to have good understanding of what is
happening in distance classes. WCMS collect rich tracking data about the students’
activities, but this data is rarely used by teachers due to its complexity and poor
structure. We have developed a Teacher ADVisor (TADV) framework [6] which uses
WCMS tracking data to build fuzzy student, group and class models, based on which
appropriate advice is generated to facilitators. The TADV mechanism for fuzzy
student modeling is presented elsewhere, see [7]. This paper focuses on the use of
student, group, and class models to generate appropriate advice to teachers.

This paper will briefly introduce TADV (Section 2). We will then outline, in
Section 3, the structure of the student, group, and class models, and will describe, in
Section 4, how these models are used for advice generation. Section 5 will present a
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prototype of TADV that was used in an empirical evaluation with real users, results of
which will be sketched out in Section 6. Finally, in the conclusions, we will point out
the contribution of our work to student modeling and intelligent WCMS.

2 Brief Overview of TADV

TADV is a computer-based advice generating framework designed to deliver advice
to facilitators in a WBDE environment developed in WCMS platforms.

PART-1 PART-II
Conmse D OMAIN META-
Material WM S KN OWLED GE
(Designer (DLE)
Interface)
Registered
Studend
Information
STUDENT STUDENT MODEL
I ONAIN DATABASE [T]1"| BUILDER (SMB)
KN OWLED GE (SDB)
BASE (DKB) 1
1 IND IVID UA L ADVICE
Interaction ﬁ—/ 0 CVID U GENERATOR
with he MODELS (ShT) (AG)
{OUrse WCM s
L (Stud ent B
Tnterface) | e mamon
inoex actions GROUFS ADVICE
& CLASS DATABASE
MODELS
ADVICE
FACILITATOR

Fig. 1. The TADV Architecture

TADV consists of two parts (see Fig.1). PART-I represents the conventional
structure of a course developed in WCMS. The course designers are responsible for
preparing the course material incorporated in the Domain Knowledge Base (DKB).
TADV considers the common way a course is designed with a WCMS, i.e. a course is
defined in a hierarchical way and divided into a set of lessons, where each lesson is
decomposed into a set of concepts that comprise the knowledge building blocks. Each
concept is illustrated by learning objects (HTML pages, presentations, etc.),
assessment quizzes, and communication activities. The student tracking data that
WCMS collects throughout the course is stored in a Student Database (SDB) - the
main source for student, group and class modeling.

PARTH-II is an extension to WCMS to model students and generate advice. Domain
Meta-Knowledge (DMK) is a layer upon DKB that describes the course material and
how the domain concepts are related. TADV uses concept maps to represent relations
between domain concepts in a hierarchical structure. Student Models (SM) represent
the knowledge of individual students and their communication styles. Group Models
(GM) and Class Model (CM) are derived from individual SM to represent information
about specific groups of students and the whole class. Student Model Builder (SMB) is
a module that analyzes the information supplied by the WCMS and builds SM, GM,
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and CM. Student modeling capabilities are briefly described in Section 3; see [6] and
[7] for more details. The Advice Generator (AG), which is presented in Section 4, is a
module that uses the SM, GM, and CM together with relevant information in DMK to
produce appropriate advice to teachers.

3 Modeling Students in TADV

Individual Student Models. The SM represents individual students and includes four
parts: (1) Student Profile - general information about the student, (2) Student Behavior -
student's learning interactions, such as the sessions the student has gone through and
detailed information of his/her activities; (3) Student Preferences - based on a summary
of the student’s activities to present, for example, the student’s preferred types of
learning objects; (4) Student Knowledge - the student’s level of understanding of
domain concepts. An overlay approach is used where each concept is associated with a
measurement of the student’s knowledge status in relation to that concept. The
computation of this status is based on certainty factor and fuzzy set theories [11]. For
each concept c, two fuzzy values are calculated: measure of Belief, MB(c) and Measure
of Disbelief, MD(c) that the student understands c. The algorithm for calculating MB(c)
and MD(c) considers the time spent on the learning objects and the correctness of the
answers to assessment quizzes, the fuzzy equations used are give in [7]. A Certainty
Factor is calculated as CF(c) = MB(c) - MD(c) to represent the student's knowledge
status with regard to ¢. Depending on the value of CF(c), c is considered as completely
learned (CL), learned (L), or unlearned (UL) by this student. Furthermore, the level of
the knowledge gained by the students through out the course topics is categorized as
Excellent, Good, or Weak. TADV also considers the students’ participation in
discussion forums (as given in the WCMS tracking data) to build a picture of the
communicative activities of each student. TADV uses SM to inform the teachers when a
student is experiencing problems or is not communicative, and to suggest appropriate
activities to stimulate the student. In addition, the teacher can be advised to encourage
students with excellent and good knowledge to help their struggling peers.

Group and Class Models. TADV gives the teacher the choice to define groups of
students to be monitored. It is, therefore, possible to model groups of students and
generate advice to highlight existing group problems. The main goal of GM is to
enable TADV to infer about the common problems that might happen to the majority
of students in the group and how these problems are related to the common
characteristics of the students in the group. Similarly to existing group modeling
approaches (see [1]), GM is derived through the aggregation of the individual SM of
the group members, i.e. it depends on the interactions made by all students in a
specific group. A Group measure of belief GMB(c) and measure of disbelief GMD(c)
in regard to a concept ¢ are calculated using certainty factors theory using MB(c) and
MD(c) of all group members, respectively. Then, a group Certainty Factor GCF(c) =
GMB(c) - GMD(c) is calculated to estimate the group understanding of c¢. GM also
assesses the communication activities of the whole group. Similarly to GM, CM
reflects the knowledge status and the communicative aspects of the whole class,
considered as one big group of students. GM and CM are used, for example, to
determine parts of the course that cause problems to many students, assessment
quizzes that are too challenging or too easy, types of learning objects preferred by the
students, communication activities commonly/rarely used, etc.
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Student Model Builder. (SMB) is the module that analyses WCMS tracking data and
generates SM, GM, and CM. SMB may be executed periodically (e.g. daily or
weekly) or when required by the course facilitator. This depends mainly on the
required interval of time between advice-generation sessions (e.g. in the study
described in Section 6, SMB was executed daily). SMB contains three main modules:
(a) Interaction Interpreter that process tracking data and stores information in the
student behavior model; (b) Individual Model Builder that uses the student behavior
model to make the necessary changes in both the student knowledge and the student
preference model; and (¢) Group and Class Models Builder that uses the individual
SM to build GM and CM. The algorithms used in SMB are described in detail in [6].

4 Generating Teacher Advice in TADV

In TADV, a set of predefined conditions is used to define advising situations. For
each situation, a predefined advice template(s) is described. When AG recognizes a
situation (based on student SM, GM, and CM), the corresponding template is
activated to generate advice to the teacher together with recommendation of what can
be sent to the student. In some cases, TADV may just produce a statement that
describes a situation without suggesting what the teacher should do to remedy the
problem. This can happen when TADYV is either unable to identify reasons for the
problem or considers as appropriate to highlight the problem and let the facilitator
decide what pedagogical actions are needed based on his/her subjective view.

4.1 Proposed Advice Types

TADYV follows an advice taxonomy based on our analysis of problems with distance
courses, as discussed in the literature and confirmed in interviews with several Web-
based course teachers [6]. Three advice categories are considered:

= Advice concerning individual student performance (Type-1): includes several
subtypes, such as advice related to a student’s knowledge status, students who have
unsatisfactory learning levels, uncommunicative students, students who have not
start working or are delaying with the course, etc.

= Advice concerning group performance (Type-2): provides information about
common problems that face a group of students and includes advice related to the
knowledge states of groups, groups with satisfactory/unsatisfactory learning levels,
uncommunicative groups, etc.

= Advice concerning class performance (Type-3): provides information about the
status and behavior of the whole class and includes advice related to the class
knowledge status, excellent and weak students relative to the whole class, most and
least communicative students, etc.

4.2 Advice Generating Criteria
AG is based on recognizing situations when the teacher may be offered some advice.
Each situation is defined by including the following:

= Stimulating Evidence (E): the situation that motivates AG to generate the advice,
defined as E(e;, e, e;) where e; is the name of the student, group, or class that
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cause the stimulating evidence, e, is the name of a domain concept, and e; is the
status (CL, L, UL, or delayed) of the domain concept carried by e,. For example,
E(S;, ¢y, UL) means that for student §;, concept ¢, is "Unlearned". If e, is not
specified then e; is considered as the status of the student. For example E(S;, Weak)

means that student’s state of S; is evaluated by TADV as weak.

Table 1. Examples of defining situations for generating advice to individual students (Type-1),
groups of students (Type-2) and the whole class (Type-3)

Investigat Adyvice from TADV Recommended advice Next
ed Reason (R) to facilitator (A) from facilitator to the student | AG Action
(T)
Type-1 Student advice [Stimulating Evidence is E(S, ¢;, UL)]

(cy, learning | Student S should be advised to work on | In order for you to understand | Look  for

objects and/or | the available learning objects and |c, we suggest you refer to its | new

assessment assessment quizzes related to ¢, available learning objects and | evidence
quizzes are not solve related assessment

activated by S) quizzes.

(cq Strong, Student S should be advised to study ¢, |In order for you to master ¢, it | Look  for

UL) is highly recommended that you | new

study c, first. evidence
(ca Moderate, | It may be useful to advise student S to | In order for you to master ¢, it | Look  for
UL) study ¢, may be useful to study ¢, first. | other
reasons
Type-2 Group advice [Stimulating Evidence is E(G, ¢, UL)]

(cqa, Strong, L) | G members should be advised to work | ¢, appears to be a common |Look  for
more with concept ¢, problem for students in G. It is | other

preferred to work more on ¢,. | reasons

(ca, Weak, UL) | It might be useful to advise G members | ¢, appears to be a common |Look  for
to study ¢, problem for students in G. It |other

might be useful to study c, reasons
Type-3 Class advice [Stimulating Evidence is E(C, c¢;, UL)]

(ca Strong, L) | c, appears to be a common problem for | Facilitator should take the|Look  for
students in C. The prerequisite ¢, is not | necessary actions. other
completely mastered by the class reasons
members. It might be useful to advise
class members to study ¢,

(Ch ¢, appears to be a common problem for | Facilitator should take the | Look  for

Uncommunic- | students in C. TADV notes that class | necessary actions. new

ative) members are not participated in the ¢, stimulat-
discussion forum. C members should be ing
encouraged to participate in evidence
communication activities related to c,,.

= Investigated Reason (R): according to the discovered E, the AG will look for

reasons that cause this evidence, by using the SM, GM, and CM. The investigated
reason is generally formalized as R(r;, r,, r;) where r; is the name of the domain
concept related to e, with r, concept type of relation (Strong/Moderate/Weak) and
r; is the status of r;. For example, if R(c,, Strong, UL) is the investigated reason of
E(S}, ¢, UL) then AG can reason that the unlearned status of ¢, that is strongly
related to ¢, is the reason for this E. More examples are given in Table 1.

= Advice from TADYV to facilitator (A): depending on the investigated reason, the
AG will deliver the appropriate advice to the facilitator. A is defined as A(P;,..., P,)
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where Pj,..., P, are the parameters carried with the template. There are four basic
parameter types used in advice templates: concept name, student name, group
name, and class name. See example templates in Table 1.

Recommended advice from facilitator to student/group/class (T): If possible,
depending on R, the AG will produce a predefined advice template that
recommends advice that the facilitator may send to a student, a group, or the whole
class. This item does not exist when the AG is unable to find reasons that might
have led to the current stimulating evidence or when the advice is concerned merely
with highlighting important information to the facilitator. The recommendation is
generally formalized as T(Pj,...., P,) where Pj,...., P, are parameters carried with
the template. Table 1 shows some templates with recommendations.

Next AG Action: For some stimulating evidence there is a possibility of having
many reasons. When a reason is investigated, AG will proceed with the reason and
generate the appropriate advice. At this point, depending on the investigated
reason, AG will either end the processing of the current evidence or keep searching
for other reasons. When a reason is considered to be sufficient then its “Next AG
action” is specified as "Look for new stimulating evidence" to notify AG to end
processing of the current evidence. When a reason is considered to be insufficient,
its “Next AG action” is specified as "Look for other reasons", i.e. AG has to
continue processing of E by searching for other candidate reasons R.

Fig. 2 shows the main processes performed during generation, which include:

Process 1: Look for stimulating evidence: uses inputs mainly from SM, GM, or
CM to locate the concepts with problematic learning status (i.e. unlearned and
learned concepts). It also uses the course calendar to find weather the student is
delayed. The major output of this process is a stimulating evidence (E).

SM, GM, CM

Certainty Factors

Learning ohjects
and Assessment
fuizzes
calendar times

Look for

Course | Stimulating
Calendar Evidence
Stimulating
Concepts Evidence
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Knowledge Find Reasonis)
Model
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Parameters &
Generate Advice
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Fig. 2. Processes performed during advice generation in TADV
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= Process 2: Find possible reason: uses E (from the last process), domain
knowledge model (concept maps) and SM, GM, or CM to investigate the reason
behind the given E. The major output of this process is the investigated reason R.

= Process 3: Find template, assign parameters, and generate advice: According to
the reason R from the previous process, this process locates the appropriate advice
templates and their parameter value.

5 The TADV Prototype

The TADYV design is based on an extensive study of information provided by WCMS,
including practical experience with several platforms [6]. One of them, the Centra
Knowledge Server, has been employed to demonstrate TADV in a Discrete
Mathematics distance learning course at the Arab Academy for Science and
Technology (AAST), Alexandria, Egypt. In this prototype, the teacher provided the
course material and the required metadata, interface for this was built. The TADV
prototype is implemented on Microsoft SQL Server 2000 and Active Server Pages
(ASP) technology with ODBC (Open Data Base Connectivity) drivers. The Web
server is Microsoft Internet Information Server (MS-IIS) under Microsoft Windows
2000 server. Java and Visual Basic and scripts are used as development languages.
The Centra Knowledge Center has been extended, following the architecture in
Fig.1. SMB was built to extract student models from student tracking data, as
outlined in Section 3; and AG was implemented to highlight problems of individuals,
groups, and the whole class, as described in Section 4. Fig. 3 shows part of the
facilitator's interface, and Fig. 4 shows a screen used to display advice and feedback
to a student. The screen shots are taken from interactions with the TADV prototype
during an evaluative study with real users, which is described in the next section.

Advice generated to TADY Recommended The facilitator can
the facilitator feedback to the student check to send
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Fig. 3. A screen used to display advice to the facilitator. Advice is offered to the facilitator
along with recommended text that can be sent to the student. The facilitator can modify the
recommended advice before sending it and can choose either to send or suppress it. The rating
section is for evaluation purposes, as described in Section 6
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Fig. 4. A screen to display advice to a student, i.e. what the teacher has sent to this student (see
Fig. 3). The rating section is for evaluation purposes, see Section 6

6 The TADYV Evaluation

An empirical evaluation of the TADV prototype was conducted to verify the usability
and functionality of the system's components, and to examine the benefits of the
approach for facilitators and students. TADV was integrated within a distance
learning environment and used by three facilitators and forty students studying a
Discrete Mathematics course at AAST during December 2003-January 2004. The
students were divided into two groups: Experimental group — using WCMS and
TADYV which generated advice to facilitators who then sent messages to students, and
Control group — using just WCMS. The facilitators were observed during the study.
At the end, they were interviewed, while the students were given a questionnaire. Due
to space limitation, we will outline here only results that refer to suitability of the
generated advice, for a full description of the study and its results see [6].

The study showed that TADV provided practical and effective advice. TADV
made it easy for the facilitators to send immediate help and feedback to distance
students. The facilitators felt that they gained considerable knowledge about the
students' behavior and the problems they faced during the study of the course; and
stressed the necessity of such advice to be able to manage distance classes.

The facilitators were satisfied with the advice generated regarding advice types,
content, and the situations addressed. They found the generated advice important,
useful, and appropriate for managing distance classes. They highly appreciated the
advice generated regarding groups and classes, as one of them commented:

“Overall evaluation of the advising feature is good. I really appreciate the
advice generated for groups and class. For me, advice that provided
information like who are the most excellent or weak students,
communicative or uncommunicative students, etc. is really very useful.”
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Fig. 5. Advice rating results. Type-1, Type-2, and Type-3 concern individual students, groups
of students, and the whole class, respectively. The teachers rated all advice generated by
TADYV, the students were required to rank the advice pieces that the teachers sent to them.
However, there were times when the students received advice but did not rank it

The participating students also appreciated the idea of receiving feedback from the
facilitators. They found the advice sent to them helpful, especially when they were
delayed with the course. Fig. 5 shows the advice rating results.

In contrast, the facilitators knew very little about the students in the control group.
The students in that group received much less feedback on their progress and little
guidance from the facilitators. The analysis of the students’ questionnaire has showed
that the student working with TADV were satisfied with the system. Moreover,
comparison of pre/post-tests scores showed that the learning gains of the experimental
group are slightly higher than those of the control group.

The study pointed at the need for TADV improvements. For instance, there was
repetition and redundancy in Type-2, i.e. group-related, advice that was generated for
each individual student in the group (see the Type-2 ranking in Fig.5). Based on this,
the TADV framework was tuned to include advice filtration and aggregation features.

7 Conclusions

The work presented in this paper is a step toward increasing the effectiveness of
distance education with WCMS platforms through the use of student modeling and
advice generation techniques. Our research contributes to a recently emerging trend for
incorporating intelligent techniques in WCMS [3]. While [8] apply visualization
techniques to present student tracking data using graphical manner (which sometimes
may add more cognitive loads to teachers in order to understand various graphical
representations), we have demonstrated an approach of using this data to implement
intelligent features that extend the functionality of conventional WCMS to support
teachers managing their courses. The core of our approach is the elicitation of student,
group, and class models and using these models to help teachers gain better
understanding of their distance students.

The paper introduced a teacher advisor framework - TADV — aimed at helping
instructors to keep close to and guide effectively their distant students. We have
described the TADV advice generation mechanism and have shown that student
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models are crucial for providing teachers with helpful advice tailored to the specific
conditions of the courses they run. The advice types and advice generation criteria
proposed in this work are quite general and are not dependent on a specific domain or
WCMS used. An empirical study with a TADV instantiation in a Discrete
Mathematics course has shown that the teachers have gained a better understanding
of the needs and problems of their students, which may result in a more effective
instruction and may lessen the students’ feeling of isolation. The study also showed
that the students appreciated the teacher’s feedback, which was based on TADV
recommendations. Currently, TADV is being instantiated within another WCMS that
is being developed within AAST, and will be used by a large number of students and
teachers. This will enable us to conduct studies involving a large number of users in a
long period of time and to further examine the impact of TADV.
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Abstract. We present a computational framework designed to provide adaptive
support aimed at triggering learning from problem-solving activities in the
presence of worked-out examples. The key to the framework’s ability to
provide this support is a user model that exploits a novel classification of
similarity to infer the impact of a particular example on a given student’s meta-
cognitive behaviors and subsequent learning.

1 Introduction

Research demonstrates that students rely heavily on examples, especially in the early
phases of learning (e.g., [3, 4, 14, 15]). Therefore, there is a substantial amount of
work in the cognitive science and Intelligent Tutoring Systems (ITS) communities
exploring how examples impact learning, and how computer-based adaptive support
can be provided so that examples are used effectively (e.g., [1, 8, 18]). This support
typically takes one of two forms. One form involves selecting examples for students
during problem-solving activities (e.g. [1, 18]). A second form involves providing
guidance on skills needed to learn from examples effectively, based on evidence that
different learners have various degrees of proficiency for using examples (e.g., [4]).
For instance, the SE-Coach provides support for the meta-cognitive skill of self-
explanation (the process of explaining instructional material to one self) during
example studying, before students start solving problems [8]. Here, we describe the
E-A (Example-Analogy) Coach, a computational framework designed to provide
adaptive support for meta-cognitive skills required for effective analogical problem
solving (APS), i.e., using examples during problem-solving activities.

A key factor that must be taken into account when providing support for APS is the
similarity between the problem and example, since there is evidence that this
similarity impacts the problem-solving process. For instance, students have difficulty
using examples that are not similar enough to the target problem (e.g., [10, 12]). Thus,
systems that select examples for students typically aim to minimize the differences
between a problem and the chosen example [18]. Although this approach has been
shown to be effective, we believe that student characteristics should also play a role in
a system’s analysis of the example’s impact on APS. For instance, problem / example
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differences which the student has the knowledge to reconcile do not have the same
impact on learning as differences which correspond to a student’s knowledge gaps. In
addition, there is evidence that even given very similar examples, students do not
necessarily learn well, possibly because they engage in excessive copying that
interferes with learning [15, 17]. Although it is clear that problem / example similarity
affects APS, there is not much understanding on how this happens for different types
of learners (personal communication, M. T. Chi). Here, we propose that certain kinds
of similarity can have a positive impact on students who lack meta-cognitive skills
needed for effective APS. We incorporate this assumption into the E-A framework,
and thus extend existing work on supporting APS by: 1) proposing a novel
classification of similarity, and 2) devising a user model that relies on this
classification, as well as student knowledge and meta-cognitive skills, to assess the
impact of various examples on APS. This assessment is used by the framework to
provide tailored interventions (including example selection) to improve this process.

In the rest of the paper, we first discuss the skills needed for APS. We then
describe the overall E-A framework. Finally, we present the E-A user model, and
discuss how it can be used to generate adaptive support for effective APS.

2 Skills Needed for Analogical Problem Solving

Analogical problem solving consists of the example retrieval and transfer phases. The
retrieval phase involves the selection of an example to help solve the target problem.
This phase is governed by expertise, in that novice students tend to experience
difficulties finding examples that both facilitate problem solving and support learning
(e.g., [10]). The transfer phase involves incorporating information from an example
into a problem’s solution [2, 15, 16]. The learning outcomes from this phase are
influenced by meta-cognitive skills which can be categorized along two dimensions:
analogy-type and reasoning.

The analogy-type dimension characterizes a student’s preferred style of problem
solving when examples are available (e.g., [15, 17]). Min-analogy identifies students
who try to solve a problem on their own, and refer to an example only when they
reach an impasse. Max-analogy identifies students who copy as much as possible,
regardless of whether they have the knowledge to solve the problem on their own.
Students who prefer min-analogy tend to learn more, because they have opportunities
to 1) strengthen their knowledge through practice, and 2) uncover knowledge gaps.

The reasoning dimension is characterized by how a student tries to understand the
example solution prior to using it to solve the problem. A behavior that is believed to
result in good learning is explanation based learning of correctness (EBLC), a form
of self-explanation used to overcome impasses when existing domain knowledge is
insufficient to understand the example solution [6, 16]. This process involves using
common-sense knowledge (instead of domain knowledge), in conjunction with
general rules, to derive new rules that can justify an unclear step in the example. For
instance, Fig. 1 shows a problem and example in the domain of Newtonian physics,
while Fig. 2 (top) shows how EBLC can be used to explain the existence of the
normal force mentioned in line 3 of the example in Fig. 1 [16]. This reasoning can be
compressed into a rule (Fig. 2, bottom) that the student can then use to solve the
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Problem: A Skis being pushed up a ramp inclined 40 Since the crate is in contact with the floor,
degrees, with an acceleration of 3m/s>. The force is applied to the it follows (from a commonsense rule) that
block at 15 degrees to the horizontal, with a magnitude of 100N. the crate pushes down on the floor.
Find the normal force on the block. Therefore (by a general rule), the push is
an official physics force that acts on the

Example: A workman pulls a 50 kg along the floor. He pulls floor and is due to the crate. Therefore (by
it hard, with a magnitude of 120 N, applied at an angle of 25 Newton's third law), there is a reaction
degrees. The crate is accelerating at 6 m/s>. What is the normal force to it that acts on the crate and is due
force on the crate? to the floor.

[1] To solve this problem, we apply Newton’s Second Law.

[2] We choose the as the body. Rule: /fan object OI is in surface contact

[3] One of the forces acting on lhe is the normal force with ok?ject 02 lh("f )

[4] It is directed straight-up there is a normal force on object O/

Fig. 1. Sample Problem & Example Fig. 2. Reasoning via EBLC

problem in Fig. 1, top. There some indication that certain students have an inherent
tendency for this type of reasoning [6]. Unfortunately, many students employ more
shallow processes when using examples during APS, which either do not result in
learning, or result in shallow forms of knowledge (e.g., [13, 15, 16]). For instance,
rather than reasoning via EBLC, students could focus on adapting example line 3
(Fig. 1) to copy it over to the problem. This can be done by substituting example
constants by problem ones (i.e. crate by block) to generate the correct answer in the
problem (this process is known as transformational analogy or mapping-application
[2, 15]). Although this reasoning does accomplish the adaptation needed for correct
transfer, it doesn’t lead to learning the appropriate rule. Given that learners have
various degrees of proficiency for using examples (e.g., [4, 6, 15]), the overall goal of
our work is to provide a framework that encourages min-analogy and EBLC and
discourages its ineffective counterparts. We begin by describing the E-A architecture.

3 The E-A Architecture

The overall architecture of the E-A Coach is shown in Fig. 3. The system contains
two data bases of problems: worked-out examples and problems for students to solve.
The solutions to these are automatically generated by the problem solver, using the
problem specification and the rules found in the knowledge base component. The E-A
interface allows students to interactively solve problems from the problem pool and to
refer to worked-out examples in the example pool. The E-A coach relies on the user
model’s assessment of a given student’s knowledge and APS behaviors to provide
adaptive support for APS. This support includes suggesting appropriate examples and
generating hints to encourage EBLC and min-analogy when needed.

Our approach for providing tailored support for APS is domain independent and
applies to any problem-solving domain for which a rule-based representation is
applicable. However, the current instantiation of the E-A framework is embedded in
Andes, a tutoring system for Newtonian Physics [7]. Andes provides support for
problem solving and example studying in isolation. The E-A Coach is designed to
provide a bridge between these two modes, allowing for a smooth transition from
pure example studying to independent problem solving. We now describe the E-A
user model.
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User Model Coach

Min/Max Analogy
Example
Knowledge (Interventions )

Fig. 3. The E-A Architecture

4 The E-A User Model

The E-A user model allows the framework’s coach to provide individualized support
to students during APS, by operating in two modes: assessment and simulation. In
assessment mode, the model generates an appraisal of how well a student is using an
example to solve a given problem, based on that student’s interface actions. This
allows the E-A coach to generate interventions encouraging EBLC and min-analogy
only when it becomes apparent that the student is not learning effectively. In
simulation mode, the model generates a prediction of student behavior and
consequent learning for a particular problem / example pair. This allows the
framework to find an example in its example pool that maximizes learning for a
particular student. To perform both assessment and simulation, the model reasons
about the student’s cognitive skills (knowledge) and meta-cognitive traits (analogy
and EBLC tendencies). To do so accurately, it takes into account the impact of
problem / example similarity on these student characteristics, as we discuss below.

4.1 Impact of Similarity on the E-A User Model’s Assessment

To show how the E-A user model incorporates similarity into its assessment, we need
to first describe how similarity impacts APS. The similarity between a problem and
example is typically classified as either superficial or structural (e.g., [5, 10]).
Superficial similarity is assessed using features not part of the underlying domain
knowledge, such as the objects in the problem specification and/or its solution (e.g.,
block and crate in the problem and example in Fig. 1). Structural similarity is
assessed using the domain principles (rules) needed to generate the solution (e.g., the
rule derived via EBLC, Fig. 2).

Let’s now look at how these two kinds of similarity impact problem solving, and in
particular, how they can be used to encourage effective APS. One of the downfalls of
using examples is that some students copy from them without trying to learn the
principles that generated the example solution. This could be prevented by
introducing structural differences into the example. However, the benefit of doing so
strongly depends on whether the student knows the rules involved in these
differences. If the student knows the rules, the lack of similarity with the example
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forces her to do pure problem solving, which can be highly beneficial. If, however,
the student does not know these rules, the example will not be helpful for acquiring
them to generate the problem solution, and no learning gains will occur.

On the other hand, superficial differences do not prevent students from learning the
underlying concepts, which increases the chances that they can carry on in their
problem-solving. However, as we already discussed, some students do not reason
effectively from superficially-similar examples. Although there is some evidence that
superficial similarity impacts example retrieval and classification [5, 11], it is still not
clear how different levels of superficial similarity influence students’ meta-cognitive
behaviors necessary for effective reasoning. In the process of investigating this issue,
we realized that we needed a finer-grained classification of superficial similarity than
one currently available in the literature. Thus, we developed one, based on further
categorizing superficial differences as:

- trivial: differences between problem / example solution elements which
correspond to constants that appear in both the example specification and its
solution, and have a corresponding constant in the problem specification. In
addition, in order for a difference to be classified as trivial, simple substitution of
the example constant by the corresponding problem constant is sufficient (i.e.
requires no further inference) to generate a correct solution step in the problem.
For instance, a trivial difference between the problem and example in Fig. 1
corresponds to the objects chosen to be the body in their solutions: crate (line 2,
example solution) and block (problem solution, not shown);

- non-trivial: differences between problem / example solution -elements
corresponding to constants that do not appear in both problem / example
specifications, or that require additional inference to generate a correct problem
solution. One such non-trivial difference in Fig. 1 relates to the problem solution
step requiring that a normal force be drawn perpendicular to the ramp, as opposed
to straight up for the example (line 4, example). This difference depends on a
constant defining the incline of the surfaces on which the block and crate rest,
which only appears in the problem specification, but which also requires
additional inference in order to be reconciled (i.e. that the force is directed 90
degrees away from the surface’s incline).

Note that the classification is based on comparing solutions, which the E-A Coach
has access to (students only have access to the example solution). Given this
classification, we have two hypotheses regarding the impact of superficial similarity
on APS behaviors, which are based on cognitive theories of learning from examples
[2, 15, 16]. First, trivial differences do not stimulate EBLC and min-analogy for
students who do not spontaneously engage in these processes and have poor
knowledge. There is some evidence backing up this assumption: students do not have
difficulty reconciling trivial differences during APS to generate the problem solution,
but do not always learn from doing so [13, 15]. Second, non-trivial differences can
have a positive impact on learning for students with poor APS skills. This assumption
is based on our observation that only the ‘good” APS processes (i.e. EBLC and min-
analogy) make it possible to resolve the non-trivial difference and generate a correct
problem solution. For instance, students can not apply transformational analogy to
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Fig. 4. Fragment of the E-A User Model (not all probabilitites/links between slices are shown)

transfer example solution line 4 in Fig. 1, and still obtain the correct solution. To
correctly continue problem solving, they need to generate the rule via EBLC.

Our proposed classification allows the E-A user model to reason about the impact
of superficial similarity on students’ APS behaviors. This extends existing approaches
to providing such support, since these do not make an explicit distinction about
different kinds of superficial similarity, or their impact on students’ meta-cognitive
behaviors [1, 18]. We will now discuss in more detail how the classification and
related hypotheses are incorporated into the E-A user model.

4.2 Assessment Mode

We first describe how the E-A user model operates in assessment mode to evaluate a
student’s APS behavior. The model relies on the Andes approach, which involves: 1)
automatically generating a solution graph consisting of all the steps and
corresponding knowledge needed to solve the problem, as well as paths between these
steps, and 2) automatically converting this solution graph into a Bayesian network,
used in real-time to perform assessment [7]. The Andes model, however, does not
account for the presence of examples during problem-solving activities. Thus, we
have extended this model, as is described below.

The Andes model assesses student knowledge based on problem-solving actions,
but does not assess how knowledge can evolve through these actions. Since the E-A
model does need to assess learning resulting from EBLC reasoning, we have switched
to using a fully dynamic Bayesian network. In this network, each problem-solving
action results in the addition of a new slice. Fig. 4 shows a small portion of this
network, assuming that a student 1) is solving the problem and has access to the
example in Fig. 1, and 2) has generated two problem-solving actions (key nodes of
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interest are shown in bold). First, we describe the semantics of each type of node
(unless otherwise stated, all nodes have True/False values):

- Fact: facts and goals (F & G prefixes in Fig. 4) corresponding to solution steps

- Rule: whether the student knows the corresponding rule

- RA: whether the student can generate the corresponding fact, either by copying or by
reasoning

- Copy: whether the student copied a step. This node has three values: Correct,
Incorrect, NoCopy

- Similarity: the similarity between a problem fact node and the corresponding fact in
the example solution. This node has three values: Trivial (no difference or trivial
superficial difference), NonTrivial and None (i.e. structural difference)

- Analogy Tend: whether the student has a tendency for min or max analogy

- Eblc: whether the student has explained the step through EBLC

- EBLC Tend: a student’s EBLC tendency.

Each slice in the network contains the solution graph and the two tendency nodes
(analogy and EBLC). Each student problem-solving action is entered as evidence into
the network, and results in the addition of corresponding copy, similarity and EBLC
nodes. For instance, in slice ¢, the student chose the block as the body to solve for in
the problem in Fig. 1 (‘F:Block is body’ node). In slice 7+ 1, the student drew a normal
force (‘F:normal dir’, ‘F:normal-force’ nodes). We now describe how the model
performs its various types of assessment during APS.

Assessment of Copy Episodes. The model tries to assess whether a student copied a
step to evaluate: 1) the evolution of student knowledge, since self-generated entries
provide a stronger indication of knowledge than copied ones, 2) student analogy
tendency. If direct evidence of copying is available, the model uses it to observe the
copy node to the appropriate value. In the absence of direct evidence of copying, the
model uses information about student knowledge, and analogy tendency from the
previous time slice, as well as problem / example similarity, to assess the probability
that a copy took place in the current slice. Fig. 4 demonstrates this process. In slice z,
where the student produced an entry corresponding to the ‘F:Block is body’ node, the
model’s belief that this step was copied is high (‘Copy’, Correct =.96), due to the
similarity with the corresponding example step (‘Similarity’, Trivial=1.0), this
student’s tendency for max-analogy (slice t-1, ‘Analogy’, max=.9) and low knowledge
of the rule necessary to generate the copied step (slice #-1, ‘R:body’, True=.2). In slice
t+1, the student produced a correct entry specifying the normal force, including its
direction (‘F:normal-dir’ node). The corresponding copy node is observed to
NoCopy. This happens because the superficial similarity (‘Similarity’, NonTrivial =
1.0) makes it impossible to copy and still generate a correct solution entry.

Assessment of EBLC Episodes. These episodes are used to assess the evolution of
student knowledge. Currently, the model does not have direct evidence of positive
instances of EBLC, and so aims to assess it by taking into account the following
factors: 1) similarity, encoding our assumption that non-trivial superficial differences
have a higher potential to stimulate EBLC than trivial ones, 2) student tendency for
EBLC, and 3) knowledge, in that students who already know a rule do not need to
generate it via EBLC. The impact of these factors is demonstrated by the differences
in the model’s assessment of EBLC in slices ¢ and ¢+/ in Fig. 4. In slice ¢, the
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probability of EBLC is low (‘EBLC’, True=.12), because although the student has low
prior knowledge of the rule (‘R:body’, True=.2, slice t-1), she has a poor tendency for
EBLC (‘EBLC Tend’, True=.1, slice t-1) and the similarity type is trivial, allowing for
the correct generation of the solution step even in the absence of the appropriate rule.
In slice #+1, the probability of EBLC has increased (‘EBLC’, True =.61), because this
is the only process that would allow the student to overcome the non-trivial difference
between the problem and example to generate the solution step correctly.

Analogy and EBLC Tendency Assessment. An assessment of these two meta-
cognitive tendencies allows the E-A Coach to generate tailored interventions when
needed. To assess analogy tendency, the model uses its appraisal of students’ copying
behaviors. For instance, lack of copying (slice 7+ /) decreases the model’s belief in the
student’s tendency for max analogy (‘Analogy’, max= .91 in slice t decreases to max
=.87 in slice t+1). To assess EBLC tendency, the model uses its appraisal of EBLC
episodes. For instance, given belief in occurrence of EBLC, belief in EBLC tendency
increases (‘EBLC Tend’, True=.11 in slice ¢ increases to True =.16 in slice 7+1).

Knowledge Assessment. The model assesses knowledge both diagnostically and
causally. Knowledge is assessed diagnostically from students’ problem-solving
actions. Specifically, the corresponding fact nodes are observed, resulting in belief
propagation to either the parent rule node or the copy node. If there is a high
probability of copying, the copy node explains away much of the evidence coming
from student input. For instance, in slice ¢ in Fig. 4, the high probability of a correct
copy (‘Copy’, Correct=.96) associated with the fact node ‘F: Block is body’ explains
most of the evidence away from the corresponding rule node. In slice 7+1, the copy
node is observed to NoCopy, so the evidence does propagate up from the fact node to
the rule (‘R:dir’) and prerequisite nodes. The model also aims to assess student
learning from EBLC in a causal fashion through the link between EBLC and rule
node. For example, in Fig. 4, belief in EBLC in slice ¢+ increases the probability that
the ‘R:dir’ rule has been generated by the student.

4.3 Simulation Mode

One of the ways in which the E-A Coach supports effective APS is through example
selection for students, the goal being to choose an example that maximizes learning
while helping the student achieve problem-solving success. To meet this goal, the
framework relies on its user model. Specifically, the network described in Section 4.2
is used to predict the impact of each example found in the E-A example pool on the
student’s problem-solving (PS) success and subsequent learning during APS.

To generate this prediction, the model simulates the student’s reasoning and
actions, as if the student was solving the target problem and had access to the
candidate example. This means that for each problem-solving step required for the
target problem’s solution, appropriate nodes are added to the network to assess copy
and EBLC behaviors, as in assessment mode. Unlike in assessment mode, however,
the only evidence available in simulation mode corresponds to the similarity between
the current problem and candidate example. This evidence is combined with the
model’s belief in the student’s knowledge and tendency for analogy and EBLC to
generate a prediction of that student’s problem-solving success (the probabilities for
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the fact nodes, i.e., problem-solving steps) and consequent learning (the value of the
rule nodes). Note that problem-solving success is achieved either if the student has the
knowledge to generate the problem solution, or if the example helps her do so
(through the absence of structural differences). Both predictions (problem-solving
success, learning) are a factor of student characteristics (knowledge, EBLC and
analogy tendencies), as well as the similarity between the problem and example.

Given the model’s predictions of learning and problem-solving success, to choose
an example in a principled manner, the framework relies on a decision theoretic
approach. Specifically, to calculate the utility of a candidate example, utility nodes are
added and linked to the network’s rule and fact nodes (fragment shown in Fig. 5). The
‘Learning’ utility node reflects the objective to maximize learning, and is calculated
using individual utility nodes for each rule in the network. The ‘PS Success’ utility
node reflects the objective to ensure problem-solving success, and is calculated using
individual utility nodes for each fact in the network. Finally, the overall utility is
calculated by combing values of the individual utility nodes using a linearly-additive
multi-attribute utility (MAU) node (‘Overall’ utility node, Fig. 5). This process is
repeated for each example in the framework’s example pool to find the one with
maximum utility. A similar approach has been proposed to select tutorial actions [9];
here, we extend it to the example selection task.

o> >

>
Gz D pamroay >

Fig. 5. E-A Utility Model

5 Summary and Future Work

We have presented a framework aimed at providing support for meta-cognitive skills
needed for effective analogical problem solving. To realize this support, the
framework relies on its user model, which exploits a novel classification of similarity
to infer the impact of an example on a student’s relevant meta-cognitive skills. This
assessment allows the framework to generate tailored interventions, including hints
and example retrievals for students.

The next step in our research will be to evaluate the effectiveness of the proposed
model with human participants. We plan to use the outcomes of these evaluations to
refine the E-A user model, as well as to determine if additional factors should be
incorporated into its assessment. We also intend to use these evaluations to assess the
suitability of the proposed classification of similarity.
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Abstract. This article starts from the standard conceptualization of linguistic
competence as being composed of four related memories of comparable rele-
vance: reading, listening, writing and speaking. It is argued that there is a con-
siderable imbalance between the application of technology to the former two
and the others. A system called COPPER' is presented, which addresses this
problem by helping students to improve their linguistic production combining
individual and collaborative activities in a constructivist methodology with a
way to overcome technological language analysis difficulties. The knowledge
models used in COPPER have been developed from the authors’ previous work,
undertaken to solve some of the problems of linguistic models of student com-
petence. Methodologically, the system ‘empowers’ students in that it leads to
shared understanding, which reinforces learning. The system is adaptive in the
sense that group formation is dynamic and based upon the nature of the tasks to
be performed and the features of the student model.

1 Introduction

When we speak of ‘linguistic competence’ we are really talking about different types
of competence. As a student progresses in his/her studies of a given language, it
should be expected that advancement is uniform in each of the competences. For
students who have always studied in face-to-face classroom environments where a
teacher has a reduced number of students to work with, progress will probably be
similar. However, for the vast majority of students, who have spent some time in
taught language classes but have also learnt on their own using books or computer-
based language learning software or materials, the progress will almost certainly not
be uniform. In this work, linguistic competence is conceptualized (from didactic and
psycholinguistic perspectives) in terms of four types of memory, as illustrated in

! The work presented in this paper has been funded by the projects I-Peter (from the Vicerrec-
torado de Investigacion of the UNED) and I-Peter II (from the Spanish Ministry of Education).
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figure 1. Typically, learner comprehension will be more consolidated than production,
and within it, reading (C1) will be more advanced than listening (C2). Apart from the
higher cognitive demands of production competence for the average learner, it is a lot
easier for a student to acquire materials that can be used to improve written compre-
hension (books, magazines, Web pages, etc.), and subsequently, oral comprehension
(radio, television, online recordings, etc.).

Comprehension Production
Written C1 (Reading) C3 (Writing)
Oral C2 (Listening) C4 (Speaking)

Fig. 1. The standard four types of linguistic competence as considered in this research

Comprehension can be treated as a solitary activity whereas production requires
someone (or some learning technology) that can correct what the student has pro-
duced, or at least interact meaningfully with him, something not always available.
Hence, language learning typically focuses on written comprehension that is both
practiced and evaluated by using simple ‘gap filling” or multiple choice tests. In this
article a new system, COPPER (Collaborative Oral and written language adaPtive
Production EnviRonment), is proposed as a way to improve the way in which lan-
guage production can be learnt. In the next section, a brief overview of the application
of learning technology for linguistic production is undertaken. Subsequently, the
pedagogic framework and knowledge models used in COPPER are presented. Finally,
an example of the system functionality is provided and conclusions are drawn for
future work.

2 Learning Technology and Linguistic Production

Considerable effort has been made over the years to apply learning technologies to
support students in the development of the different linguistic competences illustrated
in figure 1. As mentioned above, most progress has been made for C1 (see [7] for a
complete review). Essentially, a student’s degree of understanding of a given text can
be easily evaluated via simple closed tests that are easy to implement in computer
systems (e.g., [3]). Recent advances in network bandwidth and digital audio, video
formats and also text-to-speech systems have also enabled progress to be made for
C2. However, progress for C3 and C4 has been limited due to the difficulties of using
natural language processing (henceforth, NLP) techniques to analyze natural lan-
guage, detect all (and only) errors produced by the student, and intervene accordingly,
due to the flexibility and intricacy of language and the importance of extensive con-
textual and world knowledge for disambiguation. This problem is limited to some
extent for the written modality by forcing a student to produce very short, controlled
texts about restricted subjects, thereby simplifying analysis, or by providing a student
with tagged fragments that can be combined together to form analyzable sentences.
The automatic assessment of a student’s oral production entails the same NLP
problems as that of written language, combined with the added difficulties of convert-
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ing speech to text. Progress has been made by using automatic speech recognition
(e.g., systems like FLUENCY; [4]). However, this approach is somewhat limited and
problematic so, while appearing promising for the future, it is not very practical ([8],
[9]). Furthermore, the majority of tools, systems and interactive materials that have
been developed can be criticized due to their ad hoc nature (lacking a theoretical
pedagogic framework) and or the lack of any student modeling and adaptability due to
student preferences and performance.

3 The Pedagogic Framework and Knowledge Models in COPPER

COPPER is intended to address the problems presented in the previous section and
other acknowledged ones (e.g., the pacification of the role of the student in the learn-
ing process and the lack of a general pedagogic framework or student models, the
learning process and the educational contents). The pedagogic framework adopted for
this work is that of collaborative constructivism ([6], [1]), combining elements of
individual learning. Such a framework is crucial for this problem domain since, as can
be seen in figure 2, for collaboration to take place, both individual learning and mu-
tual understanding are necessary, the latter requires communication between the par-
ticipants. In order to achieve such communication, participants require a certain de-
gree of linguistic competence, which in turn, permits collaboration to take place.

Furthermore, this framework appears to be particularly suitable for this system for
five additional reasons: firstly, by establishing the conditions for shared understand-
ing, students are empowered to assume ownership of their knowledge, where the
contextualised nature of the tasks enable collaboration to take place ([10], [13]). Sec-
ondly, the type of collaborative constructivism presented here, that of ‘learning by
doing or practicing’ collectively, appears to be particularly effective for second lan-
guage learning ([2]). Thirdly, the task-based learning used here has been argued to be
a way to aid interaction and hence, facilitate learning in a constructivist sense ([5]).
Fourthly, the collaboration between students in a group (as peers), and also as indi-
vidual students with other groups of lower linguistic competence (as a monitor or
tutor figure), facilitates the contextualised communicative nature of language produc-
tion, and is also key to the overall technological functioning of COPPER (which is
needed to sidestep the NLP difficulties presented earlier), enabling constructivist
objectives to be achieved ([15]). Fifthly and finally, online linguistic production is
becoming a part of our professional lives and, as such, it should become a familiar
task context for students which helps motivate them ([14]).

Individual learning

. reinforces
permits
Collaboration n Mutual Understanding‘ =P Communication ‘—V Linguistic Competence‘
requires requires!

requires

Ipermits

Fig. 2. Relations of dependence in the learning domain
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The student model used in this system (which can be seen in figure 3) has not been
designed from scratch, but is based upon the three dimensional model of student lin-
guistic competence developed for a previous system, I-Peter ([12]). The student
model used in I-Peter was developed to overcome the limitations of standard models
of student linguistic knowledge. In COPPER the model of three linguistic levels pre-
viously distinguished (lexicon, grammar and discourse) has been extended, and now
covers the four linguistic competences C1, C2, C3, C4, as presented in figure 3, each
of which contains the three levels mentioned here. The two other dimensions, that of
knowledge stages (the general classification of a student’s linguistic knowledge) and
learning phases (the extent to which knowledge has been internalized by a student)
have not changed.

COPPER is composed of six knowledge models whose relation can be seen in fig-
ure 4 and are subsequently detailed.

Knowledge
stages

] ] ] ]

. Non-attentive ! ! ! !

1 2 4

Learning phases{Mechan me\/‘/ C .C. Cc3 C
Linguistic competences

Fig. 3. The student linguistic competence model used in COPPER

KM1 - The student model includes the linguistic competence as defined above, to-
gether with the individual progress, learning preferences, identified problems and
mistakes that a student has, etc. This model is further detailed in [12] and has been
extended since then to include data related to the four linguistic competences, group
participation and the results of monitoring activities. When students initially start
using COPPER they have to have their linguistic competences evaluated for two rea-
sons: firstly, so that the system is able to place them in groups and assign them tasks
that are appropriate. Secondly, so that the range of tasks which they can monitor can
also be identified (obviously, students that start off with low level linguistic compe-
tences are unable to monitor other students). This initial evaluation is achieved by
using a battery of online multiple choice and closed production tests. The results of
which are inevitably approximate and limited, due to the NLP problems presented in
the previous section. Hence, newly classified students are tagged as being “newbies”
and are especially monitored by other established students when undertaking tasks (or
even monitoring other students) to refine the initial evaluation data.

KM2 - The group model represents details of the particular set of students to work
together on a particular problem, detailing interactions, mistakes, logging progress
towards the goal, etc. It is this model that encapsulates the adaptive part of the system
since the group generation and task assignment by COPPER is dynamic. It works as a
three-phase process:

1. The student models of all students currently not working on a task are analysed
in terms of their current stage of linguistic learning in order to produce a list of
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all the low level linguistic units that either need to be learned (basic mechanical
learning) or reinforced and tested (non-attentive learning).

2. The students are initially sorted into groups by heuristically matching the
unlearned / un-reinforced linguistic units in the list to the available tasks. Gen-
eral system wide criteria are also used for this process (established previously
by a teacher). An example would be the formation of groups where not all the
members have the same level of knowledge (in order to reinforce learning for
certain weak students).

3. These proposed groups are subsequently refined by taking into account individ-
ual progress made in the system up to now, previous tasks undertaken (and the
results), individual preferences about the type of English a student wishes to
study, past experiences of collaboration with the members of the group, etc.

KMS: Written linguistic KM6: Oral linguistic
production model production model

LINGUISTIC MODEL ]
b N

KM4: Task model

ADAPTIVE GROUP TASK

FORMATION ASSIGNMEN
h 2 R

IKM] Student model KM2 Group model
DIDACTIC MODEL

KM3 Monitorization model

Fig. 4. Relation between the knowledge models in COPPER

KM3 - The monitorization model represents the relation between higher and lower
level students in the tutoring function and the assessments made about the work pro-
duced, together with its later validation from other higher-level students or based
upon rules and knowledge in the linguistic production models. An example of the
types of monitorization possible can be seen in figure 5. A fundamental principle
behind COPPER is that a student has two roles, firstly as a member of a group work-
ing collaboratively on oral and written production, and secondly, as a monitor of the
production of groups in lower levels (and evaluations made by students at lower lin-
guistic competence levels).

As such, in the context of this system, a student is not just encouraged to partici-
pate as a monitor, but is obliged to do so as part of the course, to reinforce learning.
Once the dynamic group generation and task assignment process (previously summa-
rised) has been used to form a group, a( ) monitor(s) is(are) also assigned from the
student pool, depending on such factors as “previously demonstrated linguistic com-
petence”, familiarity with the given task (and underlying linguistic knowledge), past
history of having monitored the members of the group, etc. Furthermore, another
student with both a higher knowledge stage for the given linguistic unit and experi-
ence of monitoring this level of tasks, is also assigned as a monitor of the monitor(s);
the task monitors also need to be evaluated.
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Linguistic production

competence Monitoring interactions between students, groups and teachers

Teacher, tutor or

native helper

SSo—
<

Advanced level S
students

™~
Upper-intermediate S3 S4 ﬁ
(6]
[c3]

./

level students

Key:

Lower-intermediate G3 S — Student G - Group

level students T — Teacher or tutor

— Standard evaluation

Beginner’s level ~Z Secondary evaluation
Gl G2 <

ctnglonts (1] [c2] .

Fig. 5. Monitorization relations within COPPER

Monitors evaluate students progress with a given task not only in terms of the qual-
ity of their productions but also in terms of the effectiveness of their corrections of the
productions of groups lower down in the hierarchy. When a group produces a result, it
is evaluated by the monitor(s) assigned to the group, and feedback is given to the
group members. A task is defined to be finished only when the monitor(s) classify it
as such. Once a task is completed, the group is dissolved, the individual student mod-
els are updated, and the students return to the student pool for assignment to new
tasks. Examples of such moderation can be seen in figure 5; firstly, there is a standard
evaluation of the work of G1 (group number 1) by S1 (student number 1). Secondly,
an example of a secondary evaluation can be seen between S3 and S1 and S2. Here,
the monitoring of the latter two students is being evaluated. Finally, only teachers,
tutors or native helpers can evaluate tasks undertaken at an advanced level.

The effectiveness of this methodology is founded on three pillars: firstly, the clas-
sification of student linguistic production competence; secondly, the nature of the
production tasks that the groups have to undertake; and thirdly and finally, a rigorous
control of group production and subsequent student evaluation to prevent errors going
undetected in both group production and student evaluation.

KM4 - The task model contains the practical learning tasks that the groups of stu-
dents must undertake. They are structured to reflect a student’s knowledge stage,
particular preferences and language variants.

KMS - The written linguistic production model structures the linguistic knowledge
that the students are supposed to use, in a bottom-up fashion, into four different lev-
els: lexical, phrasal, sentential and supra-sentential level. A very early and somewhat
simplified version of this model was developed by the authors for inclusion in a pro-
totype of an authoring tool (VAT — Virtual Authoring Tool?, [11]) for English as a
second language. The difficulties of analyzing natural language in order to detect
composition errors have been mentioned in the previous section. For this reason,
current word processors offer little more help to users than basic orthographic detec-

% Partially developed with a grant from the Vicerrectorado de Investigacién of the UNED.
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tion and simple grammatical analysis (the results of which are presented to users as
suggestions for things that may or may not be wrong!). In the literature, it is generally
accepted that such tools should be considered as helpful to lazy native speakers or
very advanced students, who know the rules underlying the correct way to write, but
may have temporarily forgotten a particular one for one of many different reasons;
e.g., they are writing quickly, concentrating on the ideas they wish to communicate,
etc. However, they are generally regarded as dangerous for language learners because
they will not have the necessary rules to decide if a suggestion is correct and applica-
ble, and can even incorrectly learn certain rules if they are repeated frequently.

Hence, the objective behind the development of KM5 (and the earlier VAT) was
the explicit structuring of the vast mass of linguistic knowledge and rules that a stu-
dent needs to know in order to be able to write correctly, in such a way as to facilitate
the steps a student needs to go through when writing, to check that what is being pro-
duced is error-free. Initially, these steps will be artificial and somewhat slow, but as
the student learns and internalizes the rules, the procedure will become more normal
and automatic. It should be noted that such a knowledge model does not solve the
NLP problems related to text analysis. However, the pedagogic advantage that a tool
based upon it offers over standard word processors is that, rather than presenting a
word or text fragment as being potentially incorrect, it forces the student to go
through a rigorous methodical self-diagnosis process which empowers him to detect
errors in the same way that a native writer would, albeit somewhat slower.

Since oral production follows planning and written production, this model is also
an important part of the oral generation process. The linguistic knowledge contained
in this model can be separated into different levels: the word level (nouns, adjectives,
verbs, determinatives [articles, possessives, demonstratives, indefinites, relatives,
interrogatives, exclamatives], pronouns, adverbs, prepositions), the sentential level
(simple, coordinative, relative, nominal, adverbial, condition, comparison, punctua-
tion, constituent order, constituent presence), and the supra-sentential level (introduc-
tion and background, arguments and counterarguments, examples, conclusion, narra-
tion, description, dialogue, reporting).

KMG6 - The oral linguistic production model: This model details the specific aspects
of oral linguistic production that a student needs to dominate, using a template based
upon the following dimensions: prosody (pronunciation, stress, intonation patterns,
fluency), spoken vocabulary, idiomatic expressions, formal/informal register, slang,
figures of speech, repetitions and false starts, oral syntax, mother tongue effects,
regional dialect, cultural references, etc. The dimensions identified here are common
to the learning of any second language; however, the exact nature of each will depend
upon the language in question. Furthermore, mother tongue effects obviously depend
largely on the student’s first language; for native Spanish speakers learning English,
typical problems include the distinction between short and long vowels and the con-
sonant sounds not present in their language.

4 COPPER’S Environment and Functionality

Although the structure of the activities that the students at different levels undertake
are different, they all contain the same basic steps: initial deliberation, planning and
division of the task, formulation of a textual description / transcription of the pro-
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posed oral dialogue, initial practice of the oral production of individual words and
problematic sounds (using listen / repeat and read aloud approaches), oral production
of dialogue fragments, and final oral dialogue production, reflection and revision of
the produced dialogue. An example of the functionality of the system can be seen in
figure 6, which also presents the basic COPPER interface. Here, the system dynami-
cally generates a group of three people (® in figure 6; each person is assigned a dif-
ferent colour which is used by the system to tag all input from that person) as detailed
in section 3, based upon, amongst other things, a common interest in working on the
sublanguage of English for Tourism, and a given knowledge stage of lower interme-
diate level (using task models KM1 and KM2). Once the group is formed, the task
model KM4 is used to select a relevant task, in this example, that of the purchase of
air tickets in a travel agency for a return trip from Madrid to London. In this example,
the students are assigned the following roles: a travel agent and two tourists.

r T ; N
SO T = 1) (3¢

COPPER: Collaborative Oral and written
adaPtive Production EnviRonment - v.0.1.1 |

M
Taak Liat

= Taak

Munilaring

e 1-Welooms y Victoria Lopez

&

iy
Role Tourist #2

Hole: Travel Agent

Fig. 6. Example of COPPER’s interface and related tools

COPPER’s interface has a generic menu on the left hand side of the screen (@ in
figure 6), where a student can access personal information, files and resources; use
shared group resources and undertake the active tasks; monitor the work of lower
level students; and finally, use the available tools (which currently include a voice
recorder/player, the VAT text editor, a text-to-speech reader and a set of dictionaries).
These tools are defined as services within the system so that different tools can be
incorporated into the system in the future (and associated with learning tasks), without
having to change the overall architecture. As can be seen (® in figure 6), once the
students start a particular task they can use the VoiceChat + Discussion tool to com-
municate and share ideas. It combines synchronous chat with asynchronous messag-
ing, either via voice or text’. The interchanges between the students are logged by the
system as in any threaded news system. As can also be seen (® in figure 6), the dis-
cussion space has two associated tabs, one for agreements (roles assigned, dates, etc.),

3 Currently, the voice input is not automatically translated into text, although in future versions
of the system this option will be explored.
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and another for results and the feedback of the monitors. On the right hand side of the
discussion space, links to data in the other tabs are included to facilitate their access
by the students without having to continually change between tabs.

Once the roles and task breakdown has been negotiated, the students can use the
available tools, such as COPPER’s text authoring tool and voice recorder (® and ®
in figure 6, using knowledge models KM5 and KM6) to start to work on a textual
description of the dialogue, and subsequently, practice the individual oral production
of problematic words and sounds (identified as such by the individual student mod-
els). As the group generates results, they become available for higher-level students,
working as monitors (using knowledge model KM3), to comment on them, enabling
the lower level group to refine what has been produced. Once there is agreement on
the form of the final dialogue, and the feedback of the monitors has been incorpo-
rated, the oral production of dialogue fragments can be undertaken, and the final oral
dialogue is recorded and revised.

5 Conclusions and Future Work

In this article linguistic competence has been conceptualized as four related linguistic
memories with associated functions. It has been argued that the majority of applica-
tions of learning technologies to second language learning are available for two of the
memories, namely reading and listening. Applications for writing and speaking are
limited due to the problems of the automatic analysis of text and dialogue, although
some progress is being made. COPPER has been presented as a system that helps
students improve their writing and speaking skills by combining current ideas about
the benefits of a collaborative constructivist methodology together with the techno-
logical realities of the automatic processing of both written and oral production.

The main contributions of this work can be seen to be four: firstly, the specification
of a system that enables both oral and written production to be studied and improved by
DE students in such as way as to sidestep currently intractable NLP problems. Secondly,
the knowledge models used here are based upon work that is being used in a previous
system, [-Peter, which appears to solve some of the modeling difficulties with the stan-
dard conceptualization of student linguistic competence. Thirdly, the proposal is meth-
odologically innovative for five reasons presented here: the framework empowers stu-
dents and leads to shared understanding, combining individual and collaborative activi-
ties thereby reinforcing learning; learning by doing is practical for second language
learning; task-based learning enhances such a practical approach and is essential for the
functionality of our system; collaboration is facilitated here, something which is impor-
tant for the intrinsically communicative nature of language production; online written
and oral production in English is becoming a standard part of our professional lives, and
hence the use of such a system as COPPER is very motivating for the students.
Fourthly, this system is adaptive in the sense that group formation is dynamic and based
upon the nature of the tasks to be performed and the details of the student model.

The next stage in the work presented here is to evaluate the system (something al-
ready done with the predecessor system I-Peter) with a large group of users. This is
not only necessary to test the knowledge models, but also to see what practical prob-
lems arise with the group and monitoring interactions. It should be noted that the
system is not devoid of problems: a reasonably large number of students is required,
distributed at the different linguistic production competence levels, to enable the
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‘monitoring’ function to be undertaken. Furthermore, the actual location of the stu-
dents at each linguistic competence level needs to be very precise, which requires
accurate pre-testing to be undertaken. Finally, rigorous control of moderation is re-
quired to prevent significant erroneous feedback from occurring. Such problems rep-
resent the state of the question, and as such, will be the subject of future work.
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Abstract. The concept of personal learning environments has become a
significant research topic over the past few years. Building such personal,
adaptive environments requires the convergence of several modeling
dimensions and an interaction strategy based on a user model that incorporates
key cognitive characteristics of the learners. This paper reports on an initial
study carried out to evaluate the extent to which matching the interface design
to the learner cognitive style facilitates learning performance. Results show that
individual differences influence the way learners react to and perform under
different interface conditions, however no simple effects were observed that
confirm a relationship between cognitive style and interface affect.

1 Introduction

The implementation of web-based learning over the past few years has increasingly
moved towards an individual, technology-based, learning centered model, which
suggests that realizing the promise of improved learning efficiency depends on the
ability of that learning technology to tailor instruction to the needs of individuals.

Accordingly, there has been considerable research on the development of learning
technologies to adapt the learning experience to the individual. Two levels of adaptation
are generally agreed: adaptability and adaptivity. Adaptable systems have built in
flexibility allowing the user to alter its aspect or functionality. Adaptivity refers to the
actual capability of a system to automatically adapt various visible aspects to new
conditions, usually defined from a given model [4]. Examples of this category are the
several adaptive hypermedia applications that have been introduced over the past
years — in his latest review Brusilovsky [5] examined more than twenty of them.

In these adaptive systems, adaptation is mainly driven by the characteristics of
their users represented in the user model, yet some applications also take into account
usage data and/or environmental data. However, few attempts have been done to
model cognitive attributes of the user such as their cognitive style; and while
researchers agree on the importance of taking these into account, there is still “little
agreement on which features can and should be used or how to use them.” [5]

In determining the value of developing personal, adaptive web-based learning
environments a useful starting point seems to be the analysis of individual differences,
and particularly of the cognitive skills that would impact the modeling dimensions
underpinning such learning systems. That is the purpose of this study.

L. Ardissono, P. Brna, and A. Mitrovic (Eds.): UM 2005, LNAI 3538, pp. 154—163, 2005.
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2 Learning Styles and Cognitive Styles

The term style has been used in the field of individual differences to describe a set of
qualities, activities and behaviors that every person exhibits in a persistent way. In
education, the concepts of learning style and cognitive style have been explored
extensively [2, 3, 6, 19, 22], and although these have been used interchangeably,
cognitive style is the “individual’s preferred and habitual approach to organizing and
representing information” [19]. If cognitive styles are individual and non-changing,
they could provide significant basis for modeling our users towards personalization.

Relevant research on cognitive styles has however produced a myriad of models
and classifications. Most of them tend to consider the position of the individual on a
continuum between two extreme characteristics such as left-right cerebral hemisphere
dominance, linear-holistic processing, sequential-random approach, symbolic-
concrete preferences, logical-intuitive decision making, or verbal-imager tendencies.

For the purposes of our research, several of these constructs have been taken into
account; as have been many of the studies carried out in the past examining the
relationship between particular attributes of cognitive styles and learning variables,
such as preference for computer-based learning materials [9, 10, 16, 18], learning
outcomes and media types [17, 23], or the effect of different information structures [7,
8, 17, 20,]. Results have been ambiguous and while some studies find a consistent
relationship between style and learning, others find no effect.

Additionally, the multiplicity of models and classifications related to cognitive
styles has led to a certain extent of confusion. In an attempt to integrate much of the
earlier work in the field, Riding and Cheema [16] concluded that many of the terms
used could be grouped into a number of learning strategies and two principal
cognitive styles: Wholist-Analytic (WA) — the tendency of individuals to organize
information in parts or as a whole; and Verbaliser-Imager style (VI) — the tendency of
individuals to represent information verbally or in mental pictures when thinking.

To measure the position of the individual in the two dimensions established,
Riding also designed a computerized assessment: the Cognitive Styles Analysis
(CSA) test [14], which has been used in a number of studies, all of them contributing
to the validity of the construct [15, 19]. However, Peterson [13] and her colleagues
found that the test had poor test re-test reliability. They designed an extended version
of the WA dimension and a new test of the VI style with acceptable consistency and
reliability (VICS & Extended CSA-WA test).

3 Implications for Web-Based Learning and Interface Design

While adaptive systems, and particularly adaptive hypermedia provide several
techniques to afford adaptive presentation and navigation, our approach seeks to build
on these to allow the convergence of several modeling dimensions, namely a model of
the domain (ontology mapping, content, context, structure, composition), a learning
model (derived from the rules and heuristics governing the presentation of learning
materials to support a particular learning scenario), and a user model (cognitive and
personal data profile). The strategy of interaction is seen as a product of the
combination of these factors, but driven mainly from the personal requirements of the
user, and particularly of their cognitive style.
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In this conceptual structure the interaction model is regarded as an active dialogue
between the system and its users, one that is capable of inferring and evaluating the
user’s intentions and actions in order to exhibit a more cooperative behavior. Since
the dialogue between the user and the system is mediated by the interface, two issues
become central: the construction and use of an explicit model of the user’s key
cognitive characteristics; and an interface design capable of demonstrating the
adaptive behavior that is expected from the system.

To address the first point, we identified some key defining attributes and organized
them under the Riding and Cheema’s dimensions of analysis: Analytics process
information from parts to the whole; they are organized, able to establish meaningful
structures, sequential, conceptually oriented, and prefer individualized learning.
Wholists process information from the whole to parts, they are factually oriented and
affective, not highly organised and less likely to impose a meaningful organisation
when there is no structure; they approach learning tasks randomly, and prefer
collaborative work. Verbalisers tend to use verbal representations to depict
information when thinking, and prefer words rather than images. Imagers tend to use
images to depict information when thinking, they understand visuals.

To address the second point — the design of an adaptive interface — we proceeded to
identify some instructional conditions that capitalize on the characteristics formerly
acknowledged (Table 1).

Table 1. Instructional Conditions that Capitalize on Different Cognitive Styles

Analytic Wholist

— Discovery instructional methods — Procedural instruction sequence

— Analytical approach — Global approach to present information

— Provide an independent learning — Benefit from well-organized, well-structured
environment material

— Offer content outlines and post — Offer structural support with salient cues,
organizers such as advance organizers

— Provide minimal guidance and — Provide clear, explicit directions and the
direction maximum amount of guidance

— Provide content resources and — Provide extensive feedback
reference material — Affective techniques

— Instructional techniques

Verbaliser Imager

— Learn best when information — Learn best from images, diagrams or pictures
presented in verbal form

— No trouble processing symbols ~ — Underlining, visual cueing in text

— -words, mathematical notations =~ — Presenting special text in windows or boxes

As a result, it is suggested that a learning system should exhibit an adaptive behavior
based on, at least, the following variables:

Sequence of Instruction. Analytics tend to approach the learning content in a
deductive manner, whereas wholists would approach the learning task following a
concrete to abstract sequence. Adaptive presentation techniques can be implemented
to provide the content sequence that best fits the learners.
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Content Representation. Verbalisers seem to learn best when information is
presented in verbal form, and imagers when diagrams and/or pictures are used.
Adaptive techniques would be implemented to provide, whenever possible, the same
content in either mode of presentation.

Content Structuring. Analytics would prefer an independent learning environment,
and to impose their own structure on the material provided. Content outlines would be
helpful, as well as post-organizers. Structured lessons would help wholists better since
they seem to prefer material that is organized for them.

Control Strategy. Analytics would prefer to have control over the sequence of the
learning materials, whereas wholists could be guided by the system. For that purpose,
adaptive navigation techniques could be implemented.

Feedback/Advice. Wholists would perform better when explicit directions, extensive
feedback and maximum guidance are provided throughout the system. On the
contrary, analytics would perform better when instructions are kept to the minimum.

Interaction Techniques. Analytics are more likely to prefer a serious learning
environment, as opposed to a playful environment, which would suit to the wholists
better. The whole design of the learning system should take this issue into account.

4 The Initial Design of LEARNINT

As part of the development of an adaptive system based on the framework described
previously, the approach was first tried out through a case study. A learning
application was developed to assess some of the critical variables of the students’
cognitive style and their impact on learning performance. LEARNINT (the Learning
Interface) was developed using learning material from the “Computer Hardware”
online learning module, available to students of the MSc degree in IT, at Heriot-Watt
University in Edinburgh, Scotland. It comprises two extremely different interfaces.
The first design is highly imager and wholist (W/I), covering concepts about
“Combinational Circuit Design” (Fig. 1). The second interface (A/V) is highly verbal
and analytic, covering concepts about “Relational Circuit Design” (Fig. 2).

The salient feature in the design is undoubtedly the content’s mode of presentation:
one interface presents information verbally, and the other in terms of images and
diagrams, including elements on the screen such as buttons and navigational aids. The
sequence established in the original design of the learning material was observed;
however, advance organizers were included for the wholists.

In terms of the size of the information step, each page of the hypertext structure
contains a complete unit of information (topic/ section/ concept), once more following
the original structure used by the author. Yet an outline was placed for analytics so
they are able to follow the sequence they consider best, hence increasing their sense
of control. Conversely, for the W/I interface the sequence of the material is defined by
the system in a linear approach. The hypertext structure is also different: the W/I
interface is linear, users can proceed just to the previous or the next topic, with no
additional links or deeper levels of content, but with frame arrangements allowing for
the information required to be presented all at once. In contrast, the A/V interface
allows the students to proceed to any page, and further levels are used such as
additional pages presenting graphical content. Titles and headers are prominent in
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both designs since these help student understanding and give organization to the
material. Other graphical components between the two interfaces: a larger, brighter
combination of colors for the imager design, graphical/textual buttons on each screen,
and a different layout in each case. A zigzag arrangement of information was chosen
to provide a more affective/playful environment for wholists.

Fig. 1. Wholist/Imager Interface Design Fig. 2. Analytic/Verbal Interface Design

5 The Study

In order to enquire whether matching the interface design to the cognitive style of the
user can facilitate learning performance, an experiment was conducted. A within
experimental design was used where all participants experienced both interfaces. Task
1 was defined as using the W/I interface to study “Combinational Circuit Design”,
and Task 2 as using the A/V interface to study “Relational Circuit Design”.

Measures were set as performance on each topic, user satisfaction and perceived
usability on each interface, and individual cognitive style. User satisfaction was
measured by the users’ responses to a modified-Schneidermann questionnaire. For
measuring usability, the System Usability Scale (SUS) develop by John Brooke was
used. Learning performance was registered in terms of information recall as measured
by a test for each topic comprising 6 multiple-choice questions with degrees of
confidence based on the MICE system [1]. The participants’ cognitive style was
assessed using the VICS and E-CSA-WA test.

Participants attended a total of three sessions, one week apart from each other. In
the first session they carried out the task 1 and answered its evaluation questionnaire.
The second session started with the assessment test for the content studied in task 1,
followed by completion of task 2, to end by answering the corresponding evaluation
questionnaire. In the last session participants answered the assessment test
corresponding to task 2, and carried out the VICS and E-CSA-WA test.

5.1 The (Preliminary) Results

The actual sample consisted of 25 volunteers: 9 women and 16 men, the age average
was 30.4 years (Max= 42 years, Min= 21 years). With just one exception, all
participants were postgraduate students, 14 in computer science or IT.
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The results obtained from the VICS&E-CSA-WA test showed that the participants
in this study had a Verbal-Imager ratio between 0.826 and 1.819, suggesting an
imager style preference (N= 25, M=1.109, SD=.279). Their Wholist-Analytic ratio
was between 0.973 and 1.790, showing an analytic preference (N= 25, M=1.348,
SD=.249). The distribution of the participants’ cognitive style is shown in Fig. 3.
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Fig. 3. Distribution of Participant’s Cognitive Style: 1 individual of Wholist-verbaliser style, 10
resulted Analytic-verbalisers, and 14 Analytic-imagers

The evaluation questionnaire comprised 6 sections: Content, Navigation, Data
types, Layout, User Reactions, and Usability. Considering the Likert scale used,
where 9 was the most positive agreement in terms of user satisfaction, the evaluation
was mainly positive towards both interfaces and, in particular, for the W/I interface.
Perceived usability was also higher for the W/I interface (Table 2).

In terms of individual results, most of the participants had a preferred interface
(Fig. 4). This is a key result from this study, since it demonstrates both a difference in
user reaction to the interfaces (interface affect) and differences in performance are
then also observed (Fig. 5). 21 participants performed differently between the two
interfaces, and of these 15 (71%) demonstrated an improved performance in their
preferred interface; their mean scores on each interface are compared in Fig. 6.

Table 2. Evaluation of the Interfaces, N=25

Content Navigation Data Layout User Usability

Types Reactions
WiI M 6.5 7.1 7.2 7.1 6.8 78.8%
Interface ['gpy [ 1 g 1.9 1.7 1.9 14 12.6%
ANV M 6.5 8.3 7.2 7.1 6.5 76.2%
Interface s [ 2 1.1 2.0 2.1 1.9 17.1%




160 E. Uruchrutu, L. MacKinnon, and R. Rist

=
=]
=
Q
<
&
~—
=
)
El
-
|70]
2~OO T T T T T T T T T T L T T T T T T T T T T T
S NN TNOERAO —~ANNFNOS0RND — AN N
SRR R=R<R=R=R = R R R e R e R RS RS RS RN NS

—o— W/l-Interface —=— A/V-Interface

Fig. 4. User Reactions. Presented in order of the Participant’s ID. W/I interface: M=6.8,
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However, as we can see from Fig. 7, no simple relationship between the
individuals’ cognitive style and their reaction was observed, nor was there a direct
relation regarding the individuals’ cognitive style and their performance.

5.2 Discussion

We recognize that this is a preliminary study with a relatively small sample and as
such, the results cannot be deemed to be statistically significant. However, the results
from the present study are quite conclusive as to whether matching the interface
design to the learner cognitive style improves learning efficiency

It was speculated that the limited effects observed in earlier studies were due to the
fact that single experimental conditions had been used [21], as has been the case for
research evaluating the effects of command/menu driven interfaces [3], mode of
presentation [23], medium of delivery [11], or Hypertext structure [8]. Conversely,
the design of LEARNINT took into account several key characteristics derived from
extensive previous research in the field of Cognitive Styles. Nonetheless, once again
no simple relationship was observed between cognitive style and interface design
preference, or to learning performance.

As was expected, learners responded differently to each experimental condition,
reflecting their expressed preferences towards the interfaces used: 24 out of 25
participants expressed a preference for either the W/I interface or the A/V one.
Differences were also observed in the learning performance of the participants, 21
performing differently between the two interfaces, 15 (71%) of these performed better
in their preferred interface. This implies that students perform better in the interface
they react most positively to.

The implications of the findings from this study suggest that performance of
individuals is superior in certain interface conditions. The question remains then as to
why Cognitive Style does not relate to the user reactions and/or to their performance
given different interface designs?
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Although several other factors need to be considered in future research, it is
possible that the learning strategies developed by each student prevail over their
cognitive style. While cognitive style is considered a fixed core characteristic of an
individual, researchers also recognize that strategies are developed to deal with
learning material which is not initially compatible with their cognitive style.
Individual learning strategies are understood as “learning skills, strategies and study
orientation displayed by the individual learner” [19]. These vary depending on the
nature of the task, and are mainly driven by the experience of the user in terms of
familiarity and previous success in such a learning context.

Furthermore, the sample in this study was limited in the distribution of individual
cognitive styles. As shown before, 24 participants were of analytic style, and from
these 14 of imager style, which might not be truly representative of the student
population. Peterson [12] observed in her research a VI style ratio between .8 and 1.0
and a WA ratio between .97 and 1.25 from samples of university students.

Taking these factors into account there is clearly a need to conduct this experiment
with a larger sample to verify these results. However, since our results mirror those
achieved by previous studies on the relationship of cognitive style to learning
performance, there is also a clear need to formally identify those parameters which
influence Interface affect and determine their relationship to learning performance.

6 Conclusions

This paper describes an initial study carried out to evaluate the impact of key
characteristics of individuals’ cognitive style on their learning performance under
different interface conditions. Its results contribute to the knowledge base on
Cognitive Styles, with emphasis on how individual differences should be considered
to construct user models to provide personal, adaptive learning environments.

A small sample of university students participated in the experiment, using the
LEARNINT system as test vehicle. The analysis of the data suggests that interface style
does have an impact on learners’ preferences, which in turn have an impact on their
learning performance.

The evidence of this study, supported by previous research projects, suggests little
or no impact of cognitive style in learning performance. Conversely, the results
indicate that certain features of the interface design and ultimately the adaptive
behavior of a learning system can be matched to the user’s individual differences in
order to facilitate more effective learning. Further work is however required to
investigate different and deeper levels of learning in this context, certainly with a
greater number of participants and to investigate the contention that individual
learning strategies overcome individual cognitive styles while learning.

The current findings clearly have important implications for the design of web-
based learning systems as individuals would seem to benefit from using personal,
adaptive learning environments designed to match their individual differences, but the
mechanism for predictively matching those differences to automated adaptive design
are, as yet, unclear.
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Abstract. Individuals differ in the resources that they are willing to ex-
pend on information gathering and on the importance of different kinds
of information. We have developed MADSUM, a system that takes into
account user constraints on resources, the significance of propositions
that might be included in a response, and the user’s priorities with re-
spect to resource and content attributes; MADSUM produces a response
tailored to individual users in a decision support setting.

1 Introduction

We have been investigating the design of a decision support system that can
adapt to a user’s resource constraints, resource priorities, and content priorities in
a dynamic environment. Our approach employs a multi-attribute utility function
as part of a user model. The utility function weighs the benefit of different
decisions about resource usage and information selection. Our approach provides
a structure in which the priorities of the user can be explicitly represented and
considered in light of the environment (information currently available, the cost
of getting the information, etc.) Furthermore, an agent architecture allows the
system to dynamically respond to changes in the environment or user priorities.

We have applied the MADSUM architecture to decision-support in a finan-
cial investment domain, where the system must support a user in making a
buy/don’t-buy decision on a single investment. The MADSUM decision mak-
ing algorithms and the agent hierarchy, communications, and interaction are
domain-independent. Furthermore, MADSUM is easily extendible to new do-
mains with different attributes in its utility function. However, implementation
in a particular domain requires a set of domain-dependent information agents.
For example, tailored decision-support in an investment domain requires domain-
dependent agents that can estimate how significant a particular piece of informa-
tion will be to the current user, given her current personal and financial status.

2 The User Model

The MADSUM user model has three components: User Attributes, Constraints,
and Utility Function. The User Attributes component of the user model captures
characteristics of the user, including appropriate domain-specific information.
For the financial investment domain, this component of the user model includes
the user’s age, salary, expected number of years to retirement, approximate an-
nual expenditures, current investment portfolio, and portfolio allocation goals.
The User Attributes affect the significance of certain pieces of information.

L. Ardissono, P. Brna, and A. Mitrovic (Eds.): UM 2005, LNAI 3538, pp. 164-168, 2005.
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The Constraints component of the user model offers the user the option of
setting both soft and hard constraints for a given attribute. Soft constraints are
attribute values that the user would prefer not be exceeded in constructing a
response. These soft constraints affect the utility function, as described below.
Hard constraints are values that an attribute must not exceed in a response, and
are used to pare the search space before utility is calculated.

MADSUM’s utility function contains n attribute terms, each consisting of
a weight w; giving the importance of that attribute to the user, a parameter
Gualue; that is related to the value of the attribute, and a function f;.

Utlllty = E?:l wifi(avaluei)

The weights w;, giving the importance of each attribute to the user, are
extracted from the positions of sliders that are manipulated by the user in a
graphical user interface. For resource attributes such as length of response or
processing time, ayqiue; is the actual value of the attribute, such as 75 words.
On the other hand, information attributes capture propositions that might be
presented to the user, and thus for information attributes, ayqaiue, captures the
significance of a set of propositions in the environment of the user’s personal
characteristics and the application domain. We call this approximation Decision
Specificity or DS. Determining DS is a domain-specific task, and thus in the
MADSUM architecture, the functions that compute DS are provided by the ap-
plication designer as part of the domain-specific information agents that propose
propositions for inclusion in the response to the user.

In the financial investment domain, we have implemented domain-specific
information agents for three categories of information: Risk (the riskiness of an
investment), Value (the prospects for the investment gaining in value), and Port-
folio (how the investment relates to the individual’s portfolio allocation goals).
For example, the significance of a proposition from the Portfolio Agent that
addresses the relationship of a proposed investment to the user’s portfolio allo-
cation goals depends on the extent that the investment would cause the user’s
portfolio allocation to deviate from his goals, while a proposition that addresses
the appropriateness of the investment from an age perspective may depend on
how close the user is to retirement.

Each of the functions f; that appear in the utility function map their param-
eter ayqlue, into a utility value between 0 and 1. The particular function f; that
is used determines whether an increasing parameter value increases or decreases
utility (and at what rate). For example, fstartPlateauNorm Captures instances
in which utility remains high over a plateau and then decreases for increasing
values of its parameter, and frincarPlateauEnd captures instances in which utility
increases linearly for increasing values of its parameter until a plateau is reached.
Our financial investment domain by default uses fsiart PlateauNorm fOT resource
attributes and frinearPlateauEnd for information attributes, but advanced users
can select from among MADSUM’s full set of predefined utility functions.

The soft constraints entered by the user adapt the utility function f; by
determining its shape. For example, the function fsiqrtpPrateauNorm 1S used by
default for the resource attribute of processing time; the soft limit determines
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where the plateau ends and also the rate of fall in utility after the plateau (the
falling portion resembles a normal distribution whose spread is 1/2 the soft
limit). This captures the notions that 1) the soft limit on processing time set by
the user is the point at which the utility of the response will begin to decrease
and 2) the larger the soft limit on processing time, the less severe will be the
loss of utility for each second of increased processing time.

3 Agent Architecture

To address the issues of collecting and integrating information from distributed
sources into a single text plan, MADSUM is implemented as a hierarchical net-
work of independent agents. The agents bid to provide information for the re-
sponse; once a highest utility set of bids is selected, the lowest level information
agents pass raw information to their parent middle agents, who use the infor-
mation to generate small text plan trees. As the trees are propagated further
up the agent hierarchy, the middle agents assemble them using coherence rules;
in doing so, the middle agents first order the text plan trees according to the
utility of their highest utility proposition, and the rules for combining trees at-
tempt to assemble larger trees with the higher ranked constituents on the left, so
that the higher ranked constituents will appear earlier in the response (subject
to coherence constraints). Once an assembled tree is returned to the top-level
Presentation agent, it is resolved to text via templates, and the text is presented
to the user. A full description of the agent architecture can be found in [2].

4 Adaptive Responses, Implementation, and Evaluation

The MADSUM architecture for adaptive response generation has been imple-
mented and tested in a financial investment domain. The GUI interface of slid-
ers for setting priorities is not yet part of the implemented system, so priority
settings are currently entered as numbers. Formal evaluation experiments have
validated MADSUM’s design, such as MADSUM’s strategy of balancing signif-
icance and priority in content selection and MADSUM'’s decisions about order
of presentation of propositions.

As examples of responses produced by our system, consider a user who pro-
poses the purchase of 100 shares of stock in IBM. The user model contains per-
sonal characteristics of the user, including her current investment portfolio and
her portfolio allocation goals. Before proposing the stock purchase, the user has
set soft constraints on the length of the response, the cost in dollars of any pur-
chased information, and processing time. She has also indicated the importance
she assigns to usage of different resources (length of response, cost, and process-
ing time) and her interest in information that addresses each of the different
content categories (investment risk, value, and impact on portfolio allocation).

Figure 1 displays our implemented system’s response under different soft con-
straint and priority settings. In Figure la, the soft constraint on length was 75
words and the user placed a higher priority on risk information than on value
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1a: Risk metrics indicate IBM has a low debt-equity ratio, suggesting the ability to
weather an economic downturn; further, the company has a strong current ratio,
indicating good short-term liquidity. In addition, IBM has historically maintained
a moderate debt policy, and the stock has maintained a moderate risk profile.
On the other hand, from a portfolio perspective you have already exceeded your
allocation goal for equities. Value metrics indicate IBM has a price earnings ratio
stmilar to the tech industry average.

1b: Risk metrics indicate IBM has a low debt-equity ratio, suggesting the ability
to weather an economic downturn; further, the company has a strong current
ratio, indicating good short-term liquidity. On the other hand, from a portfolio
perspective you have already exceeded your allocation goal for equities.

1c: Value metrics indicate the stock has a price earnings ratio similar to the tech

industry average; on the other hand, from a portfolio perspective you have already
exceeded your allocation goal for equities.

Fig. 1. Three responses, derived from different soft constraints and priority settings

and portfolio information. For the responses in Figure 1b and Figure 1c, the
soft constraint on length was lowered to 35 words, resulting in the exclusion
of some available propositions; the relative priorities on risk, value, and port-
folio information were kept the same in Figures la and 1b, but were altered in
Figure 1c to place a much higher priority on value information than on risk or
portfolio information. Due to the 35 word soft constraint on length that was
set for the response in Figure 1b, propositions had to be excluded. Since risk
was given highest priority, much (but not all) of the risk information was in-
cluded. However, the high significance of the proposition about the proposed
investment’s impact on the user’s portfolio allocation goals (she had already ex-
ceeded her goals for equities such as IBM) caused that proposition to increase
the estimated overall utility of a response containing this proposition, and thus
it was included despite the length of the resulting response slightly exceeding
the soft constraint on length. In Figure 1c, the user’s much higher priority for
value information resulted in selection of the value proposition, even though
it was of lesser significance than other available propositions. In addition, the
highly significant proposition about portfolio allocation goals was included in
the response. These examples illustrate the system’s ability to vary its responses
depending on the user’s resource constraints, the significance of information, and
the priority that the user assigns to different resources and kinds of information
content.

5 Related Work

Adaptive systems have been using concepts of utility theory, either informally or
formally, to tailor responses so that they take into account the user’s preferences.
In previous work[1], we used a weighted additive function to reason on a model of
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user preferences to detect suboptimal solutions and suggest better alternatives
during a collaborative dialogue. [3] uses a similar model in ranking candidate
flights in a travel domain. The MAUT Machine[5] uses a formal utility function
to evaluate products in an electronic catalogue. Moore[4] and Walker[6] use a
formal utility function to rank travel and restaurant options respectively, but
then other mechanisms are used to identify the actual propositions that are
included in the natural language response. While other systems measure the
utilities of possible domain outcomes (e.g. the utilities of one purchased item vs.
another) and then tailor a message accordingly, MADSUM is the first system to
use a formal utility function to evaluate the utility of the message itself. This
message utility includes not only a component related to the noteworthiness of a
domain outcome, but also message-specific components such as length and time.

6 Conclusion

MADSUM was designed to exploit a user model in the generation of responses
that are tailored to the individual user of a decision support system. MADSUM
takes into account user constraints on resources, the significance of propositions
that might be included in the response, and the user’s priorities with respect to
resource and content attributes. The output of MADSUM is a tailored response
that has the highest estimated utility for the particular user. The MADSUM
architecture has been implemented and tested in a financial investment domain,
and the system’s balancing of significance and priority in content selection and
presentation order has been validated at a statistically significant level.
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Abstract. The taking of initiative has significance in spoken language
dialogue systems and in human-computer interaction. A system that
takes no initiative may fail to seize opportunities that are important,
but a system that always takes the initiative may not allow the user
to take the actions he favours. We have implemented a mixed-initiative
planning system that adapts its strategy to a nested belief model. In sim-
ulation, the planner’s performance was compared to two fixed strategies
of always taking the initiative and always declining it, and it performed
significantly better than both.

1 Introduction

In cooperative dialogue one agent will consider a goal that cannot be satisfied
through his own action. He may choose to act towards it and in doing so both
commits to it and reveals his intention to a second agent. Then on the sec-
ond agent’s turn, a cooperative response is considered to satisfy the intention.
Symmetrically, the second agent can act towards an intention, again obtaining
recognition of his choice and his commitment. Often, the plan is so structured
that there is only one option for a cooperative response, but there are also many
times when the agent has two or more options. Among these, there are different
levels of initiative - the agent might do nothing, he might add the next child act
to the focussed goal, he might choose between different children to add, he might
move the focus point, or he might introduce a new goal. An agent acting alone
may have several options to choose amongst and chooses the one of maximum
expected utility. Where there are two agents and a single goal, he must decide
whether to act now, or wait for the other agent to decide whether the goal is
important enough. Where there are two agents each with different goals, each
agent must consider the coordination of their initiative with the other agent’s
goal. For these decisions, the agent must use a nested belief model to determine
how the second agent is expected to respond to his initiative, what initiative will
be taken on the third turn as a result of that, and so on. Typically, the agents
will have different beliefs, so one agent may believe he should take the initiative
while the other may believe he should not, or neither agent will take the initia-
tive even though a goal was worth pursuing. With belief revision at each turn,
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initiative may surface at different times, even for the same goal. For example,
one agent might state that it is opportune to fix the car, which would promote
the other agent’s latent initiative to go to the shops and buy some tools. As an
example of deeply nested initiative, the agent with the idea to fix the car might
foresee the second agent’s initiative to buy some milk while he is at the shops,
so that as the last act in the plan, that they would have a cup of tea. For these
problems, we will describe a general purpose dialogue planner that uses deeply
nested, probabilistic belief models.

2 Example Problem

The planner has been tested with several initiative problems, where one agent de-
cides upon his own goals, where two agents compete for the same goal, and where
two agents decide on a sequence of different goals. Here we present an instance
of the second type, a flight booking problem. The system decides whether to
offer a passenger a window seat, but is wary that the passenger may not intend
to have one, and would be inconvenienced by the conversation. The system’s
other option is to not offer the seat, and wait for the passenger to take the
initiative. The passenger is also unsure whether to take the initiative since his
effort will have been wasted if window seats are not available. The plan for this
subdialogue is three steps deep, with two sources of variation - the travel agent’s
belief about the passenger’s intention to have a seat, and the travel agent’s be-
lief about the passenger’s belief about the travel agent having available seats.
The performance of the system can be described as a function of these two
variables.

A plan library was constructed for use with the planner, from which each
belief set in a nested model was populated. A reward of 100 is obtained by a
happy passenger, and 65 by passengers who wanted a window seat but ended
up without one. A cost of 5 was uniformly assigned to each dialogue act, except
for a special act chat, of cost -1, which allows the agents to decline the initiative
by chatting about the weather. Lacking empirical data in the domain, these are
estimated costs.

3 The Dialogue Planner

The nested belief model of the agent is a quantitative form of the BDI (belief-
desire-intention) model [6]. Nested beliefs are probabilistic. At each turn, the
belief revision module revises the belief model based on the preconditions and
effects of the dialogue act of the last turn. On the agent’s turn, the planner
decides a dialogue act, using a decision tree. In the tree, there are chance nodes
that represent uncertainty about the mental state of the next actor, and choice
nodes that represent his options. Figure 1 illustrates the decision tree for our
example problem.

Each node of the tree is grown by the plan recogniser. Plan recognition is done
recursively, by recognising the tail of the history list, performing a planning step
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Fig. 1. Decision Tree

at the next level of nesting (in agreement with Pollack [4]), and then filtering
the hypotheses that are consistent with the current history item. For example to
continue an “ask” act performed at level 3, the planner at level 4 would call the
recogniser at level 5 which produces a hypothesis for the first agent’s intention.
Then, to continue the plan, a forward planning step at level 4 adds a child node
to the hypothesis. Planning can be done by both decomposition chaining and
goal-effect chaining.

The decision tree is evaluated using an expected utility calculation at each
chance node. At choice nodes, each agent chooses the maximum expected utility
branch. Both of these calculations are done in the context of the belief model of
the choosing agent. For example, the passenger may have one value for a subtree
because he believes a seat is available, but the travel agent, believing none is
available, has a different value for the same subtree. The planner can calculate
utility in both cooperative and self-interested fashions.

4 Results

The system was evaluated by simulation rather than with a human counterpart,
since evaluation over a range of belief model states is time-consuming. A similar
approach to evaluating initiative strategies is advocated in [2] and [3]. The con-
figuration of the belief model was varied for the evaluation. The first result is
the distribution of initiative, shown in figure 2. The initiative rate is high when
either the passenger is expected to intend a window seat, or when the passenger
believes that a window seat is available. The left-hand plot represents the ini-
tiative distribution of the travel agent, whereas the right hand plot represents
that of the passenger. Notice how the travel agent backs off when he believes
that the passenger will pick up the initiative in the next turn, and that nobody
takes the initiative when both variables have low values.
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The second result for the system is its performance. We plotted the difference
between the utility of the system and the two fixed initiative strategies of always
declining the initiative (fixed-chat) and always taking it (fixed-offer). To do this,
we modified the planner to prune all but the desired strategy from the relevant
choice node. Figure 3 shows the results. On the left, the planner always beats the
fixed-chat strategy, and by as much as 4.60 units at [1,0.2]. This is a good fraction
of the length of the longest dialogue in the decision tree, which is [chat,ask,give],
of length 15 units. The gain is similar for the fixed-offer strategy with a margin
of as much as 12.0 units at [0,1]. Similar margins have been found across our
battery of sample problems.

5 Discussion

An early approach to initiative planning was that of Smith and Hipp [5], in which
a theorem prover constructs plans, employing a user model to plan subdialogues
for obstacle subgoals. The planner could select between initiative modes, but it
was not quantitative, and did not use a nested model. Recently, Fleming and
Cohen [1] discussed a decision-theoretic approach to initiative that is similar to
our own, but do not provide an implemented general purpose planner, nor do
they use a nested model. There have also been two notable computer simulation
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studies in dialogue initiative. Guinn [2] used a quantitative negotiation system
with a user model to decide between continuations to a plan, but did not use
this approach to plan beyond the current move. Ishizaki et al [3] examined a
map-following task and found that mixed initiative dialogue can reduce utility.
However their system used an initiative policy rather than adapting to the plan
and user at hand.

The results for our system are encouraging but presuppose a wide variation of
belief model configurations in the dialogue system’s lifetime. Otherwise, a fixed
strategy is just as good. The system must have a dynamic model of the user
available. This could be provided, or, using the belief revision module, the system
could automatically update stereotypes as dialogue evidence accumulates. The
computational demands of the system are light, with just a handful of simple
calculations and comparisons performed in evaluating the decision tree. It is easy
to compile the tree evaluation function to a procedural programming language.
It takes little time to configure a plan library for use with a new problem. We
are extending our battery of problems to widen the scope of our results.

6 Conclusion

We have evaluated a dialogue planner that decides initiative by adapting to a
probabilistic nested belief model. In simulation, the planner performed better
than otherwise equivalent fixed initiative planners.
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Abstract. Human teaching strategies are usually inferred from transcripts of
face-to-face conversations or computer-mediated dialogs between learner and
tutor. However, during natural interactions there are no constraints on the
human tutor’s behavior and thus tutorial strategies are difficult to analyze and
reproduce in a computational model. To overcome this problem, we have
realized a Wizard of Oz interface, which by constraining the tutor’s interaction
makes explicit his decisions about why, how, and when to assist the student in a
computer-based learning environment. These decisions automatically generate
natural language utterances of different types according to two ‘“politeness”
strategies. We have successfully used the interface to model tutorial strategies.

1 Introduction

The typical approach to modeling human teaching strategies for realizing Intelligent
Tutoring Systems (ITSs) and Interactive Learning Environments (ILEs) is twofold.
First, one records the interactions taking place between the tutor and student in a
natural setting or computer-mediated interface; then, the transcripts are analyzed to
find effective teaching patterns, which are reproduced in a computational model that
constitutes the basis of an artificial tutor. This approach has some shortcomings:
analyzing videotaped interactions is difficult and time consuming, and the results
depend on the reliability of the raters. Furthermore, the only perceivable outputs from
the tutors are their utterances and non-verbal behaviors: one cannot access their
teaching strategies other than by interviewing, a method that shares the typical
shortcomings of indirect analyses of cognitive processes. This makes it hard to
reproduce tutoring strategies within a computational model.

In order to efficiently model human tutoring strategies, we propose that the tutors
use a semi-automated Wizard of Oz interface which forces them to take explicit and
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visible pedagogical decisions, and that automatically outputs those decisions as
natural language utterances. This approach has three advantages: (a) the tutor’s
behavior can be analyzed much faster than transcripts and videotapes; (b) the
pedagogical decisions can be easily correlated with student performance; and (c) the
natural language generator can be tested for coverage and robustness.

We have realized a Wizard of Oz interface (WozUI, Fig. 1) that enables a human
tutor to communicate with a student by selecting a pedagogical goal, choosing an
object of discourse, and applying a communicative act to it. As a learning
environment we use the Virtual Factory Teaching System (VFTS) [5], a web-based
factory modeling and simulation system. The tutor can view the learner’s screen
activities in the VFTS, using MS NetMeeting, and exchange messages with the
learner. An animated puppet speaks the comments sent by the experimenter, using
text-to-speech software.

£ VFTS WoZ Interface 5 == x]
Suggest Actian | Explain Cuncepll Explain Interface Omecll
- CQuick answer

Yeg Mo Ok Wyait Help Autonomy (4.0 Inc Dec Approval |1.0 Ine Dec
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~Evaluation

Flag | Editiow ‘

Fig. 1. Wizard of Oz interface

In order to track tutor decisions about why, what, and when to communicate with
the student in the VFTS, the WozUIL: (a) models the student, thanks to a plan
recognizer that tracks the student’s actions, and a “Web tutor” that traces the tutorial
paragraphs visible to the student at any time [12], as shown in the four upper
windows; and (b) embodies a model of the strategies that the tutor performs. In fact,
the lower part of the WozUI enables the tutor to select a communicative act
categorized according to one of the following pedagogical goals, taken from the
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taxonomy of pedagogical objectives proposed by Bloom and coworkers [3, 1].
Application: indicate an action to perform, indicate an action to perform and explain
its reason, tell how to perform an action, give a Socratic hint (i.e. a cue about an
action to perform). Knowledge: suggest to re-read a passage of the tutorial, explain a
paragraph of the tutorial, provide an example for a paragraph of the tutorial.
Motivation: tell the student that the action he has performed is good, tell the student
that the action he has performed is good and describe its effect.

Together with other authors [2, 10], we are particularly interested in modeling
human tutors’ ability to take not only cognitive, but also affective student goals into
account, according to the Politeness Theory proposed by Brown & Levinson [4].
Therefore we have realized a natural language generator (NLG), coupled with a
Politeness Module, that transforms tutor communicative acts into utterances with
several levels of politeness [8]. For example, a suggestion to perform an action, such
as saving the current factory description, can be stated either directly (e.g., “Save the
factory now”), or as a hint, (“Do you want to save the factory now?”), as a suggestion
of a joint action (“Why don’t we save our factory now?”), etc.

An example of how the WozUI works is shown in Figure 1: the tutor is pursuing
the goal of suggesting an action; he chooses “select factory from factory list” as
argument and “indicate action” as communicative act, and sends these decisions to the
system by pressing the “Go!” button. The resulting utterance (after being processed
by the Politeness Module), shown at the bottom, is: “We are going to ask you to select
the factory from factory list”.

2 Using the Wizard of Oz Interface: An Experiment

The experiment compared two tutoring modes: “direct”, in which no politeness
strategy was used; and “polite”, where the NLG automatically applied the politeness
strategies described above. The experiment involved 10 graduate and undergraduate
students in technical and engineering domains: 5 of them were assigned to the
“direct” condition, while the other 5 were assigned to the “polite” condition. After the
experiment, the log files produced by the WozUI were analyzed for understanding
which pedagogical criteria were used by the tutor.

2.1 Experimental Results: Timing of Tutorial Interventions

First of all, we analyzed the average timing of the tutorial interventions across
subjects, by observing whether they were more proactive (spontaneous) or reactive (in
response to student questions), both in the direct vs polite conditions and in general
(“Direct + Polite”). There were slightly more proactive than reactive interventions,
but the difference is not statistically significant (#(8) = 0.58, p = 0.57).

2.2 Experimental Results: Types of Tutorial Interventions

Secondly, we analyzed the average number of tutor interventions across subjects,
according to the pedagogical strategies described above. The results showed that the
tutor using the WozUI was pursuing the same pedagogical goals pursued by the other
human tutor in a natural setting as described in [7]: in fact, the Wizard tutor provided
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suggestions for actions more often than providing positive feedback, and more often
than explaining concepts. The difference between the number of “Application”
interventions and the number of “Knowledge” interventions is statistically significant
(#(8) =3.59, p =0.007).

2.3 Experimental Results: Types of Communicative Acts

We also analyzed the communicative acts selected within the most frequently chosen
pedagogical goal (Application), in both the polite and direct mode. The two most used
communicative acts were “Indicate action” and “Tell how to perform action”, which
are more short and explicit in telling the student what to do with respect to the
“Socratic hint” and the “Indicate action & explain reason” acts. The difference
between interventions of type “Indicate action” and “Tell how to perform action” is
statistically significant (#(8) = 5.33, p = 0.0007). A possible reason for the larger use
of concise communicative acts might be that the learning task is not very difficult, and
therefore the student just needs some simple help when he seems unsure about how to
operate the VFTS interface. However, another hypothesis might explain this result
simply as a preference of the tutor towards given types of communicative act.

3 Related Work

While most WozUIs require the Wizard to type free text in computer-based dialogs
with learners, a few examples exist where the experimenter has to produce utterances
by using a limited set of options that produce canned text [6, 9]. However, a number
of differences between their and our approach can be found: (a) in the other cases a
domain-dependent script predefines the possible interactions with the student, while
in our case the interactions between tutor and student are much less constrained; (b)
the goals of the interactions, when modeled, are usually domain dependent, rather
than related to a more general pedagogical taxonomy like Bloom’s one; and (c) the
other WozUIs do not allow to parameterize the tutor’s utterances according to
features like politeness.

Regarding affect, motivation and politeness in learning environments and in
human-computer interaction, a number of other works have been referenced and
compared with our approach in [8, 12].

4 Conclusion and Future Work

The semi-automated Wizard of Oz technique made it possible to analyze the
experimental results very rapidly and systematically. If we had not employed this
approach, it would have been necessary to annotate the dialogs manually. In
comparison, we have found in the past that post-hoc dialog markup is time
consuming, and raises the possibility of inter-rater reliability problems. We are
currently analyzing the data coming from another experiment with more subjects, so
as to see observe the robustness and generalizability of our current findings.
Regarding the usability of the WozUI, apparently the tutor did not find the
interface difficult to use, nor overly constraining: before running the experiment, a
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pilot study showed that the human tutor was able to monitor the student’s activities
and quickly react to them. The experiment results also seem to show that working
through the interface did not bias the tutor's behavior: in fact the frequencies of tutor
interventions were analogous to those observed in the natural setting. Anyway, we
also plan to carry out a more formal usability analysis of the WozUI.

References

1. Anderson, L. W., Krathwohl, D. R., Airasian, P. W., Cruikshank, K. A., Mayer, R. E.,
Pintrich, P. R., Raths, J., & Wittrock, M. C.: A taxonomy of learning, teaching, and
assessing: A revision of Bloom's taxonomy of educational objectives. Longman, New
York (2001)

2. André, E. Rehm, M., Minker, W. & Biihner, D.: Endowing spoken language dialogue
systems with emotional intelligence. In E André et al. (Eds.): Affective Dialogue Systems:
Tutorial and Research Workshop, ADS 2004. Springer, Berlin (2004) 178-187

3. Bloom, B.S. (ed.): Taxonomy of educational objectives: The classification of educational
goals. Handbook I: cognitive domain. Longman, London (1956)

4. Brown, P. & Levinson, S.C.: Politeness: Some universals in language use. Cambridge
University Press, New York (1987)

5. Dessouky, M.M., Verma, S., Bailey, D., & Rickel, J.: A methodology for developing a
Web-based factory simulator for manufacturing education. IEE Trans. 33 (2001) 167-180

6. Fiedler A.., Gabsdil M., Horacek H.: A tool for supporting progressive refinement of
Wizard of Oz experiments in natural language. In: Lester, J.C., Vicari, R. M., Paraguacu,
F. (eds.): Intelligent Tutoring Systems: 7th International Conference, ITS 2004. Springer,
Berlin (2004) 325-335

7. Johnson, W.L., Rizzo, P.: Politeness in tutoring dialogs: ‘Run the factory, that’s what I'd
do’. In: Lester, J.C., Vicari, R. M., Paraguacu, F. (eds.): Intelligent Tutoring Systems: 7th
International Conference, ITS2004. Springer (Lecture Notes in Computer Science, Vol.
3220), Berlin (2004) 67-76

8. Johnson, W.L., Rizzo, P., Bosma W., Kole S., Ghijsen M., Welbergen H.: Generating
Socially Appropriate Tutorial Dialog. In In E André et al. (Eds.): Affective Dialogue
Systems: Tutorial and Research Workshop, ADS 2004. Springer, Berlin (2004) 254-264

9. Kim J. K. & Glass M.: Evaluating dialogue schemata with the Wizard of Oz computer-
assisted algebra tutor. In: Lester, J.C., Vicari, R. M., Paraguacu, F. (eds.): Intelligent
Tutoring Systems: 7th International Conference, ITS2004. Springer (Lecture Notes in
Computer Science, Vol. 3220), Berlin (2004) 358-367

10. Porayska-Pomsta, K.: Influence of Situational Context on Language Production. Ph.D.
thesis, University of Edinburgh (2004)

11. Qu, L., Wang, N., & Johnson, W.L.: Pedagogical Agents that Interact with Learners. In:
Proceedings of the Workshop on Embodied Conversational Agents: Balanced Perception
and Action, Third International Conference on Autonomous Agents and Multi-Agent
Systems (AAMAS 2004). New York (2004) 42-50

12. Wang N., Johnson L.W., Rizzo P., Shaw E., Mayer R.E.: Experimental Evaluation of
Polite Interaction Tactics for Pedagogical Agents. In: International Conference on
Intelligent User Interfaces. ACM Press, New York (2005) 12-19



Generating Artificial Corpora for Plan
Recognition

Nate Blaylock! and James Allen?

1 Saarland University, Saarbriicken, Germany
blaylock@coli.uni-sb.de
2 University of Rochester, Rochester, New York, USA
james@cs.rochester.edu

Abstract. Corpora for training plan recognizers are scarce and diffi-
cult to gather from humans. However, corpora could be a boon to plan
recognition research, providing a platform to train and test individual
recognizers, as well as allow different recognizers to be compared. We
present a novel method for generating artificial corpora for plan recogni-
tion. The method uses a modified Al planner and Monte-Carlo sampling
to generate action sequences labeled with their goal and plan. This gen-
eral method can be ported to allow the automatic generation of corpora
for different domains.

1 Introduction

Over the past 10+ years, many fields in Al have started to employ corpus-based
machine learning techniques. Plan recognition, however, seems to have lagged
behind. For example, we are only aware of a few plan recognizers [2,5,8,9] (the
last two are our own) that are trained on corpora. We believe a major reason for
this is the lack of appropriate corpora for plan recognition (which we will term
plan corpora).

It is not that the field could not make use of plan corpora. Besides the
machine-learning based systems mentioned above, many plan recognizers ([7,
10,12,17], inter alia) make use of probabilities, but only briefly mention (if at
all) how such probabilities could be discovered.! Additionally, corpora could be
used to evaluate the performance of a plan recognizer, or even compare perfor-
mance across recognizers (something which, as far as we are aware, has never
been done).

In this paper we present a general method for automatically generating la-
beled plan corpora. In Section 2, we present possible ways of getting plan corpora
from human sources and discuss their disadvantages. Then in Section 3 we in-
troduce our method for artificially generating corpora and show an example in
Section 4. We then discuss some general issues in Section 5. Finally, in Section 6,
we discuss related work and in Section 7, we conclude and mention future work.

L A notable exception is [4].
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2  Human Sources of Plan Corpora

In this section, we mention several plausible ways of gathering plan corpora by
observing humans. These can be divided into the kind of data that they make
available: unlabeled, goal labeled, and plan labeled data. We discuss each in turn
and then discuss the general difficulties of gathering human data.

2.1 Unlabeled Data

There are several techniques used in related fields for gathering unlabeled data,
which could be useful for plan recognition.

Several projects in ubiquitous computing [3, 16] have gathered raw data of a
user’s state over time (location and speed from GPS data) which they use to predict
user activity. Plan recognizers, however, typically take action streams as input.

Davison and Hirsh [11] collected a corpus of over 168,000 Unix commands
by observing 77 users over a period of 2-6 months. The corpus consists of
timestamped sequences of commands (stripped of arguments) as automatically
recorded by the history mechanism of tcsh. It is unclear how useful such unla-
beled data would be by itself for plan recognition (although Bauer [6] has done
work on using such data to automatically construct recipe libraries).

2.2 Goal-Labeled Data

Much more useful to plan recognition are goal-labeled plan corpora, although
such corpora are even harder to come by.

Albrecht et al. [2] extract a plan corpus from the logs of a Multi-User Dungeon
(MUD) game. A log includes a sequence of both player location (within the game)
as well as each command executed. In addition, the MUD records each successful
quest completion, which can be used to automatically tag plan sessions with a
top-level goal (as well as partial state with the user’s location). Albrecht et al.
report that the corpus data is quite noisy: first because of player errors and
typos, and also because players in MUDs often interleave social interaction and
other activities. We should also note that the goals in the corpus are atomic, as
opposed to being parameterized goal schemas.

More tightly-controlled goal-labeled corpora have been gathered through data
collection efforts in the Unix [14] and Linux [9] domains. In these experiments,
test subjects are given a specific goal, such as “find a file that ends in .tex”,
and their shell commands are recorded as they try to accomplish the goal. The
subjects then report when they have successfully accomplished the goal (as there
is no way to easily compute this automatically).

In these controlled experiments, goal labeling is much more reliable because
it is assigned a priori. Of course, this work can still be noisy, as when the subject
misunderstands the goal, or incorrectly believes he has accomplished it. Also,
this kind of data collection is expensive as compared to those mentioned above.
The above-mentioned data collections monitor the normal activity of subjects,
whereas these types of collections require subjects to work on tasks specifically
for the collection.
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2.3 Plan-Labeled Data

Of course, the most useful type of plan corpus would include not only the top-
level goal, but also the plan and situation.

Bauer [5] records user action sequences (and corresponding system state) in
an email program and uses a plan recognizer post hoc to label them with the
appropriate goal and plan. This post hoc recognition can potentially be much
more accurate than online prediction, because it is able to look at the whole
execution sequence. A potential problem we see with this approach is that if the
original plan recognizer consistently makes mistakes in predicting plans, these
mistakes will be propagated in the corpus. This includes cases where the plan
library does not cover extra or erroneous user actions.

2.4  General Challenges for Human Plan Corpora

In addition to the individual disadvantages mentioned above, we see several
shortcomings to this kind of human data collection for plan recognition.

First, this kind of data collection is most feasible in domains (like operating
systems) where user actions can be directly observed and automatically recorded.
This, unfortunately, excludes most non-software interaction domains. In fact, the
only way we can envision to gather data for other domains would be to have
it annotated by hand, which could be expensive and time-consuming (not to
mention error-prone).

Finally, a major shortcoming of the above work is that it is at most labeled
with a top-level goal.? In most domains where plan recognition is used (e.g.,
natural language understanding), the system can benefit not only from the pre-
diction of a top-level goal, but also partial results where a subgoal is predicted.
This is especially true of domains with plans composed of large action sequences,
where the top-level goal may not become apparent until very far into the plan’s
execution. We imagine that manual annotation of plan labeling would be quite
tedious and error prone.

3 Artificial Corpus Generation

In contrast to human data collection, we propose the use of an Al planner and
Monte-Carlo simulation to stochastically generate artificial plan corpora. This
method can be used for any domain and provides a corpus accurately labeled
with goal and hierarchical plan structure. It also provides a cheap way to produce
the kind of large corpora needed for machine learning. The method is as follows:

1. We modify an Al planner to search for valid plans non-deterministically.
2. We model the desired domain for the planner.
3. The algorithm does the following to generate each item in the corpus:

2 Except for [5], although, as we mention above, the corpus can be skewed by the
original recognizer’s mistakes.
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(a) Stochastically generates a goal
(b) Stochastically generates a start state
(¢) Uses the planner to find a valid plan for generated goal and start state

We first describe our modifications to an Al planner. Then we discuss issues
of domain modeling. We then discuss stochastic generation of the goal and then
of the start state. Finally, we discuss the characteristics of corpora generated by
this process.

3.1 Planner Modification

For plan recognition, we want to create corpora which allow for all possible plans
in the domain. Typical Al planners do not support this, as they usually deter-
ministically return the same plan for a given goal and start state. Many planners
also try to optimize some plan property (like length or cost) and therefore would
never output longer, less optimal plans. We want to include all possible plans in
our corpus to give us broad coverage.

We, therefore, modified the SHOP2 planner [15] to randomly generate one
of the set of all possible plans for a given goal and start state.®> We did this by
identifying key decisions points in the planner and randomizing the order that
they were searched.

SHOP2 [15] is a sound and complete hierarchical transition network (HTN)
planner. SHOP2 is novel in that it generates plan steps in the order they will
be executed, which allows it to handle complex reasoning capabilities like ax-
iomatic inference and calls to external programs. It also allows partially ordered
subtasks. The planning model in SHOP2 consists of methods (decomposable
goals), operators (atomic actions), and axioms (facts about the state).

In searching the state space, there are three types of applicable decisions
points, which represent branches in the search space:*

— Which (sub)goal to work on next
— Which method to use for a goal
— Which value to bind to a parameter

In order to provide for completeness, SHOP2 keeps lists of all possibilities for
a decision point so that it may backtrack if necessary. We modified the planner
so that these lists are randomized after they are populated but before they are
used. This one-time randomization guarantees that we search in a random order
but also allows us to preserve the soundness and completeness of the algorithm.
We believe the randomized version is equivalent to computing all valid plans and
randomly choosing one.

3 In principle, the corpus generation technique described here is possible using any
planner. The only caveat is that the planner must be randomized, which may or
may not be a straightforward thing to do. One of the reasons we chose SHOP2 was
its small code base and a modular design that was amenable to randomization.

4 There is also a fourth which deals with :immediate tasks, but that is beyond the
scope of this paper.
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3.2 Domain Modeling

Fach new domain must be modeled for the planner, just as it would if the intent
were to use the planner for its usual purpose. As opposed to modeling for plan
generation, however, care should be taken to model the domain such that it can
encompass all anticipated user plans.

Usually the planning model must be written by hand, although work has
been done on (semi-)automating the process (e.g., [6]). Note that, in addition to
the model of the plan library, which is also used in many plan recognizers, it is
also necessary to model state information for the planner.

3.3 Goal Generation

We separate goal generation into two steps: generating the goal schema and
generating parameter values for the schema.

Goal Schema Generation. In addition to the domain model for the planner,
the domain modeler needs to provide a list of possible top-level goals in the
domain, together with their a priori probability. A priori probabilities of goals
are usually not known, but they could be estimated by the domain modeler’s
intuitions (or perhaps by a small human corpus). The algorithm uses this list to
stochastically picks one of the goal schemas.

Goal Parameter Value Generation. In domains where goals are modeled
with parameters, the values of the parameters must also be generated.

Goal parameter values can be generated by using one of two techniques. For
goal schemas where the parameter values are more or less independent, the do-
main modeler can give a list of possible parameter values for each slot, along
with their a priori probabilities. For schemas where parameter values are not in-
dependent, each possible set of parameter is given, along with their probabilities.

Once the goal schema has been chosen, the algorithm uses this lists to stochas-
tically generate values for each parameter in the schema. At this point, a fully-
instantiated goal has been generated.

3.4 Start State Generation

In addition to a top-level goal, planners also need to know the state of the
world — the start state. In order to model agent behavior correctly, we need to
stochastically generate start states, as this can have a big effect on the plan an
agent chooses.

Generating the start state is not as straightforward as goal generation for
several reasons. First, in all but the simplest domains, it will not be feasible
to enumerate all possible start states (let alone to assign them a priori prob-
abilities). Second, in order to make the planning fast, we need to generate a
start state from which the generated goal is achievable. Practically, most plan-
ners (including SHOP2) are very slow when given an impossible goal, as they
must search through all of the search space before they notice that the goal is
impossible.
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For these reasons, only a start state which makes the generated goal achiev-
able should be generated. Unfortunately, we know of no general way of doing
this.> We do believe, however, that some general techniques can be used for
start state generation. We discuss these here. The approach we have chosen is
to separate the state model into two parts: fixed and variable. In the fized part,
we represent all facts about the state that should be constant across sessions.
This includes such things as fixed properties of objects and fixed facts about
the state (for example, the existence of certain objects, the location of cities,
and so on).

The wvariable part of the state contains those facts which should be stochasti-
cally generated. Even with the fixed /variable separation, this part will probably
not be a set of independent stochastically generated facts. Instead, the domain
modeler must come up with code to do this, taking into account, among other
things, domain objects, their attributes, and other states of the world. It is likely
that values of sets of facts will need to be decided simultaneously, especially in
cases where they are mutually exclusive, or one implies another, etc. This will
also likely need to be closely linked to the actual goal which has been generated
to ensure achievability.

3.5 The Resulting Corpus

A corpus generated by the process described above will contain a complex dis-
tribution of plan sessions. This distribution results from the interaction between
(a) the a priori probabilities of top-level goals, (b) the probabilities of top-level
goal parameter values, (c) the algorithm for generating start states, and (d) in-
formation encoded in the plan library itself. Thus, although it cannot be used to
compute the a priori probabilities of top-level goals and parameter values (which
are given as input to the generator), it can be used to e.g., model the probabil-
ities of subgoals and atomic actions in the domain. This is information which
cannot be learned directly from the plan library, since the recipes and variable
fillers used are also dependent on e.g., the start state.

4 An Example: The Emergency Response Domain

We have created a domain model in an emergency response domain and used it
to generate an artificial corpus. The domain includes such goals as setting up a
temporary shelter and providing medical attention to victims. The coded domain
consists of 10 top-level goal schemas, 46 methods and 30 operators. The plan
library coded in a fairly common way and does not merit any further discussion
here. For the rest of this section we discuss the generation of goals and start
states in order to illustrate what may be needed in moving to a new domain (in
addition to the creation of a plan library).

5 One possibility might be backchaining from the goal state, although we have not
explored this.
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4.1 Goal and Start State Generation

As mentioned above, the domain includes 10 goal schemas which are specially
marked as top-level goals (the difference is not specified in SHOP2 itself). In
addition, we added a priori probabilities to each of the goal schemas.

The goal schema was chosen based on those probabilities as discussed above.
The schema is then passed to a function which generates the parameter values
and the start state simultaneously. In particular, we start with the fixed start
state, then stochastically generate locations for movable objects, and then gen-
erate other domain facts based on goal schema specific code. We mention these
in order here.

Fixed State. The fixed state consists mostly of fixed locations (such as towns
and hospitals), objects and their properties. It also includes inference rules sup-
ported in SHOP2 which represent things like object types and properties (e.g.,
adult(x) = can-drive(x)).

Object Locations. As part of the variable state, we define a set of movable
objects. They are movable in the sense that we wanted to randomly choose where
they were located (such as ambulances and workers). We define a list of sets of
objects, for which it is not important where they are located, but only that all
objects in the set are in the same location (such as a vehicle and its driver).
We also define a list of possible locations, which is used to generate a random
location for each object set. (Note, we ensure in the fixed state that locations
are fully connected so we don’t have to worry about goal impossibility at this
step.)

Goal Schema Specific. The rest of the state is created, together with parame-
ter values, in goal schema specific functions. In the emergency domain these were
typically very simple, usually just determining which object to use for parameter
values.

An example of a more complicated example is that of the goal schema of
clearing a road wreck, which takes a wrecked car as a parameter. As we do
not model the set of all possible cars in the world, we automatically generate a
unique car object as well as its necessary properties (e.g., that it’s wrecked, its
location, etc.) Note that in cases where extra properties are generated, these are
also stochastically generated from a priori probabilities (e.g., whether or not the
roads are snowy).

5 Discussion

In this section, we raise several issues about the utility of artificial generation
of plan corpora versus the collection of human plan corpora. As we have just
begun to generate and use such corpora, we do not believe we are in a position
to definitively answer these. Rather, we raise the questions and give some initial
thoughts, which we hope can lead to a discussion in the plan recognition com-
munity. The questions treat three general areas: the effort needed to generate
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artificial corpora; the accuracy of such corpora; and the general power of the
technique.

Effort. Obviously, the technique we describe above requires a certain amount
of work. Minimally, one needs to create a plan library as well as an algorithm
for generating start states. Plan library creation is known to be difficult and is
a problem for the planning community in general (cf. [6]). This may not be a
unique problem to artificial corpora, however, as a plan library would likely be
necessary anyway in hand-labeling human corpora. Start state generation is also
not trivial, although in our experience, it was much less work than the building
the plan library.

The main question which needs to be answered here is how the effort to
create the machinery for generating an artificial plan corpus compares to the
effort needed to gather and annotate a human corpus. Before we can answer
this, we not only need more experience in generating artificial corpora, but also
experience in producing human corpora - especially plan-labeled corpora.
Accuracy. Another point is how accurately an artificial corpus can model human
behavior. Ideally, to test this, one would want to gather a human corpus and
independently generate an artificial corpus in the same domain and then make
some sort of comparison. Of course, care must be taken here, as we suspect that
the accuracy of an artificial corpus will be highly-dependent on the plan library
as well as the algorithm for generating start states. Another, more practical,
evaluation would be the comparison of the performance of a plan recognizer on
human data when it has been trained on artificial data versus human data.
Power. Another question is in which situations an artificial corpus could be
successfully used to approximate human behavior. The technique presented here
makes the simplifying assumption (which is also present in most plan recognizers)
that the agent first creates an entire plan and then executes it, and that each
action is successfully executed. This obviously will not work well in domains
where this is not the case. In future work, we would like to adapt this technique
to use an artificial agent instead of a planner, to plan and simulate execution of
the plan in creating a corpus. This would allow us to simulate such phenomena as
action failure, replanning, and so forth. In general, we believe that the techniques
reported here can build on existing work in agents in modeling human behavior
and can be useful in most domains of interest in plan recognition.

6 Related Work

Conceptually, our work is based on work in NLP which uses grammars to stochas-
tically generate artificial corpora for training language models for speech recog-
nition [13]. Of course, there are many differences in methodology. Surface string
generation from a stochastic grammar typically assumes no context (state),
whereas state is very important in plan recognition. Also, in surface string gen-
eration, there is no “goal” which restricts acceptable output.

Probably the closest work to our own in the plan recognition field was done
by Lesh [14], who uses the Toast reactive planer [1] to generate action sequences
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given a goal. However, none of the generation process was stochastic. It appears
that goals were hand-generated, the state was constant, and the planner was not
modified to make decisions non-deterministically, meaning that it would always
produce the same action sequence given the same set of goals.

7 Conclusions and Future Work

We have presented a novel technique for generating corpora for plan recognizers.
We combine the rich representation of an Al planner with Monte-Carlo sampling
to generate corpora of action sequences tagged with goal and plan. Also, as it is
artificially generated, it is easy to produce a very large corpus.

In future work, we want to move beyond just plans, and model an actual
agent. We believe this would allow us to more closely model agents that we would
want to perform plan recognition on, and would include phenomena such as plan
failure and replanning. This corpus generation method would allow us to have
access to this additional information (when an action failed, when replanning
occurs, etc.), which would not be readily available from hand-annotated human
data.
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Abstract. This paper presents a model for an agent to reason about
interaction with multiple users in a collaborative environment. Central
to this model is the concept of an interaction strategy, determining both
who to ask and what to ask, towards maximizing overall expected utility.
We allow for the case of a user not responding at all, after a period of
waiting, and a user responding “I don’t know”. Our model determines
how long to wait for a response, and provides for follow up questions
to users. All of this is done in a user modeling approach, with decisions
based on specific factors being modeled for each user. We present the
model in detail, using examples to illustrate its effectiveness and con-
trasting with related work.

1 Introduction

This paper introduces a model for reasoning about when and how an agent
should initiate interaction with a user in a multi-user setting. The research is
motivated by decision-theoretic reasoning about interaction with users in multi-
agent settings, such as the meeting scheduling environment of the Electric Elves
project[1]. In our framework, we allow for users who either do not respond or
who respond that they do not know, when asked for information by an agent. As
such, we reason not only about different possible conversational partners but also
about how long to wait for a response and when to initiate a follow up question,
before deciding on a course of action. Our model is intended to be used in a
setting where agents can collaborate with users to determine the best actions
to take. We discuss how this research relates to other efforts in clarification
dialogue and mixed-initiative design.

2 Background
One starting point for our research is the work of Fleming[2]! who developed
a domain-independent decision-theoretic model for an agent to reason about

whether or not it should initiate an information gathering dialogue with a human
user. Fleming’s algorithm consists of first determining the expected benefit of

1 An earlier version of this model appeared in Proc. of User Modeling 2001.

L. Ardissono, P. Brna, and A. Mitrovic (Eds.): UM 2005, LNAI 3538, pp. 189-198, 2005.
(© Springer-Verlag Berlin Heidelberg 2005
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interaction (i.e., by how much the agent’s performance is expected to improve
after asking the user a question), and then determining the costs of interaction
(e.g., bother to the user, and time required for interaction). Then, the agent
would proceed with the interaction only if the benefit exceeds the costs. One
issue with this approach is that once the agent takes initiative and queries the
user, it will wait indefinitely for a response. While acceptable in some domains,
there are, however, domains (e.g., real-time systems with hard deadlines) for
which the agent cannot wait forever, and so there is merit for the agent to stop
waiting, and to take another action. In this case, we want to allow the agent
the option of interacting with other users. Another beneficial extension to the
model is for it to account for the possibility of follow-up questions.

The second starting point for our research is the prominent adjustable auton-
omy project of Electric Elves (E-Elves)[1], aimed at creating personal assistant
agents that can help with the day-to-day activities of a human organization.
One of the main issues that the E-Elves[1] work addresses is the problem that
once an agent transfers decision making control to the user, the user might not
respond in a timely fashion, hence incurring very high waiting costs. So, a key
component to this model is the notion of a transfer-of-control strategy, which
specifies what transfers will occur at what times. Essentially, the agent will
plan ahead and determine how long it should wait for the user to respond, be-
fore transferring control away to another user, or perhaps back to itself. For
example, the strategy Usery(5)Usery(11)Agent is one where the agent will first
transfer control to Usery, and if User; hasn’t responded with a decision by the
five minute mark, then control gets transferred away to Users, and finally if
Users hasn’t responded by the eleven minute mark, then the agent gives up
and decides autonomously. The E-Elves[1] model has only two extreme levels of
agent autonomy. Either the agent can decide to operate autonomously, or it can
give up control completely to a user?. We are proposing a middle ground, where
the agent can interact with the user for information, but still retain decision
making control. This is especially important in domains where the user is not
equipped to make a decision, yet the agent lacks sufficient information to make
a good decision.

3 Model for Reasoning About Interaction

Our primary research goal is to develop a model that an agent can use to reason
about the trade-offs between interacting with one or more users over a series of
questions, against the costs of such an interaction.

The output of our model will be an interaction strategy (adapted from E-
Elves[1]) that the agent should follow to maximize overall expected utility. An
interaction strategy tells the agent what query to ask who for how long, and
depending on the response, what to do next (e.g., ask another query, or make

2 E-Elves[1] also considers transfers to other agents. In this paper, we focus on users.
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t=5 t=11

Agent Decide . Agent Decide
11,,= “Price” LM 13 = “Bervice” LMy
Q2

H
Agent Decide
132 = “Product” LHs
Eob
1

Agent Decide Agent Decide

12.= “Don’t know” LM 22 = “Don’t know™ LK,
Agent Decide Agent Decide
Mo Response LNs Ho Response LNy

1="Do you prefer price or quality?”
(a2 ="Do you prefer customer service quality or product quality?”

t12= “Quality”

Fig. 1. Example interaction strategy - Preference elicitation for product purchase

a decision)?. Visually, one can imagine a strategy as a tree, with two types of
nodes, query/internal nodes, and decision/leaf nodes. A decision node represents
the agent taking action and making a decision based on the information obtained
from previous queries. A query node represents the agent asking a user a query
at time ;1 and waiting until time ¢; for a response. Each possible response to a
query will be represented as a branch from the query node to a strategy subtree
representing what the agent should do when it gets that response. Figure 1
illustrates an example interaction strategy for an agent to use to acquire user
preferences in order to make an ‘informed’ product purchase decision. Note that
Q; denotes a particular question, and 71, 72, 7;,, denote its possible answer
responses. We also include “I don’t know” as a valid response, denoted as 7; 7,
and allow for the no response case, 7 yesp, Which occurs when the user does not
respond in time.

So, an interaction strategy is similar in spirit to the transfer-of-control strat-
egy in E-Elves[l], except that the agent queries users, instead of transferring
control. It should be noted that a transfer-of-control strategy is linear, in the
sense that at any time point ¢, the agent knows in advance exactly who should
have control. A major distinction then is that unlike a transfer-of-control strat-
egy, an interaction strategy has branches, like a tree, and so the agent does not
know exactly what it will do at a future time point ¢,, since that depends on
the responses it gets from the queries. For brevity’s sake, we will now denote
interaction strategy as simply strategy. Note that it is important that the agent
has a strategy, and reasons about future actions, since the best action to do at
the moment often depends on what can be done afterwards. For instance, the
usefulness of a user query depends on what the agent can do with the response.

The procedure for the agent to find the optimal strategy is to generate all
possible strategies, containing up to a fixed number of queries K, evaluate the

3 An interaction strategy can also contain no queries, signifying the case where the
agent should decide immediately without first querying users.
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generated strategies, and then simply choose the one with the highest expected
utility value. The strategy generation and evaluation steps are outlined below.

3.1 Strategy Generation

The basic idea is that we will generate all possible strategies containing zero to
K number of questions (#@Q), where K is roughly used to limit the depth of
strategies that we search. As mentioned earlier, you can visualize a strategy as
a tree, composed of decision/leaf nodes, and query/internal nodes. Using this
analogy, strategy generation is then the following:

1. Set #@Q :=0
2. Generate strategies containing #@ number of queries:
— Base Case (#Q = 0): Generate a strategy s that is just a single leaf
node, to represent the case where the agent decides without querying.
— General Case (#Q = i): For each strategy s;_; generated in the previous
iteration of step#2, do the following: (*)Generate a new strategy s; by
replacing a leaf node with a query node consisting of the pairing of a
question ); € @ and user Uy, € U, where @ is the set of all relevant
questions, and U is the set all of users in the system. Note that the
newly attached query node has a branch and a leaf node for each possible
response to ;. Do (*) for all the leaf nodes in s,_1 and Q;, Uy pairs.
Discard any duplicate s; strategies generated.

3. Set #Q = #Q + 1
4. If #Q < K, goto step#2, else stop.

3.2 Strategy Evaluation

The optimal strategy s* is simply the generated strategy that is evaluated to have
the highest expected utility (EU). The first step is to instantiate the timings
of the queries in the strategy. For example, for a simple strategy consisting of
one query, we need to determine the optimal time point 7' that the agent should
stop waiting for a response, and just make a decision.*

The expected utility of a strategy s is calculated as follows:

EU(s) = 2y [P(LN) x (EQ(LN) = W(Tn) — BCLN)]

Considering Figure 1, each possible strategy includes many possible paths of
execution, each of which ends in a step of Agent Decide, represented by a leaf
node LN.5 EQ(LN) and W (T} y) are adapted from E-Elves[1] and refer to the
expected quality of the agent’s decision at that particular leaf node, and the costs
of waiting until the time of the leaf node to finish the interaction, respectively.
As such, the utility of a particular path will be determined in part according

4 The optimal time T can be found in several ways. For well-behaved model parameter
functions, differentiate the EU equation and solve for 0. Or, use numerical methods.

5 Note: A leaf node can be viewed as 71,72, ..., rn, the sequence of responses that lead
to the leaf node.



Reasoning About Interaction in a Multi-user System 193

to how useful the ultimate decision will be, given the information the agent has
gathered on that path, and tempered by how long it may take to reach that
decision point. We then include as well the bother incurred by users who may
have been asked, along the path to the leaf node, and refer to this as Bother
Cost (BCpy). Note that BCy would be computed as the cumulative bother
to all the users queried along the path.

The expected utility of the overall strategy is a sum of the utility of each of
the individual paths in it, factoring in the probability that the particular path
will be taken. We denote this term as P(LN), defined as follows: P(LN) =
HTM PgJ (resp = rj ) where we iterate 7 over all the response branches that
lead to the leaf node LN, and Pg]’ (resp = rj 1) refers to the probability of user
U; responding with 7, to the question Q).

One of the main criteria for querying one user over another is the user’s
PUK gj value, denoting the probability that user U; knows the answer to ques-
tion ; (as in [2]). Another criterion is the user’s PRg"j (t) value, denoting the
probability distribution over time that U; responds to @; at time point ¢ (as in
[1]). These two model parameters determine how much of the response prob-
abilities will be ‘shifted’ from the answer responses to the “I don’t know” and
‘No Response’ case. The idea is that the probability of getting to an answer
response is contingent on the user responding, and the user knowing the answer.
The three possible cases for how to compute the value of ng (resp =1;1), are
as follows:

[No response]: PU (resp ="7j—resp) =1 — fT PRU (t)dt
[“T don’t know”]: PQUJ_ (resp =rj7) = fT.; PRQJ_( )dt x (1— PUng_)
[Answer response]: Pg; (resp=rjq) = fg PRg?j (t)dt x PUKg; x PA(rjq)

where T is the time point at which the question was asked, and T, is the time
point that the agent will wait until for a response, and PA(r;,) denotes the
probability that the answer to question Q; is rj,. Note that fg‘z PRZ; (t)dt
gives the probability of U; responding to (); during time frame [T, T].

We illustrate the above calculations with an example. Consider that on av-
erage, there is a 60% chance of the weather being sunny, and a 40% chance
of it being rainy. So PA(sunny) = 60%, and PA(rainy) = 40%. Suppose
that the agent wants to reduce its uncertainty by asking user Bob the question
Q; = “What is the weather?”. Starting from the initial start time of 0, the
agent gives Bob until time T" to respond. Then, the probability of Bob respond-
ing is fo PRB"b( )dt. Suppose the probability of Bob knowing the answer is

PU K Bob — 90% So, overall, when asking Bob question @), the response prob-
ablhtles are PBOb(resp =T sunny) = fOT PRB;?b(t)dt x 90% x 60%, PQBjOb(resp =
Tjrainy) fo RBOb )dt x 90% x 40%, B"b(resp =rj7) = fT PRg‘;b(t)dt X

(100% —90%), and ng"b(resp =T resp) fo PR (t)dt). Note that the
sum of the response probabilities is 1.
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4 Plan Recognition Example

Consider the following scenario where an agent faces uncertainty. Bob, an avid
sports fan, tells his shopping agent “Buy me a ticket to a football movie.” Unfor-
tunately, the agent cannot ascertain Bob’s true intention, due to the difference in
nomenclature between the usage of the term ‘football” in North America versus
Europe. The European definition of ‘football’ (E'F) is actually soccer in North
America, which is quite different than North American football (NAF).

From history logs of past users, the agent predicts that the probability that
Bob meant NAF is PA(NAF) = 40% and that the probability that Bob meant
EF is PA(EF) = 60%.

After searching its movie database, the agent finds two potential movies:
Mowviel which is a great NAF movie but has nothing to do with EF, and
Movie2 which is a less than stellar movie containing FF and a little bit of
NAF content. In this example, the expected quality of an agent’s decision
(EQ) will be equated with the utility to the user for that decision. Suppose the
utility values to a user are the following:

User’s intention|Movie Choice|Utility
NAF Moviel 100
NAF Movie2 30

EF Moviel 0
EF Mouvie2 80

Without information, the expected utility of choosing Moviel is EU (M oviel)
= 0.4 x 1004 0.6 x 0 = 40, whereas FU(Movie2) = 0.4 x 304 0.6 x 80 = 60. So
EQ({}), the expected decision quality of the agent with no other information,
is max e Movies EU (M) = max(40,60) = 60 where M is Movie2.

However, by obtaining user information, the agent is then able to make informed
choices, i.e., it selects the best movie depending on the user’s intention. So, EQ
({NAF})=100 (by choosing Moviel) and EQ({ EF'}) =80 (by choosing M ovie2).

In this scenario, there is only one relevant query, which is Q; = “Do you mean
North American Football or European Football (aka soccer)?”. Since Bob knows
what Bob wants, PU Kg‘_’b = 100%. To make things more interesting, suppose
there’s another user in the system, Oscar, whom the agent can ask about Bob’s
intentions®. Since Oscar does not know Bob all that well, PU Kg Oscar — 70%.

The model parameters used will depend on the domain. leferent users
will have different response behaviour and bother reaction to queries. For this
sample scenario, we’ll use PRU ( ) = p;e”Pit to denote the probability of the
user U; responding at time pomt t and p; controls how quickly the user responds
(the higher the p;, the faster). Suppose that on average, poscer = 0.5, while
pBob = 0.4 (Bob procrastinates a little bit more).

For this example scenario, we model the waiting cost as W (t) = t}-5. This
reflects the fact that the longer the agent takes to make a decision, the less time

5 For Oscar, @; should be phrased as “Does Bob ...” rather than “Do you ...”
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Fig. 2. Graph showing how EU(s2) and EU (s3) vary as transfer time 7" varies. Notice
that the choice of waiting time T greatly affects the EU values

Bob has to get to the movie (and that Bob gets more and more anxious as time
passes). Also, assume asking query @), gives a bother cost BC; of 5, and is the
same for both Bob and Oscar.

For a strategy generation bound of K = 1, the agent has three possible
strategies, s; where the agent decides autonomously, sy where the agent asks
Bob for clarification and waits until time 7' for a response before deciding, and
s3 which is the same as sy except Oscar is asked.

The expected utility formula for strategy s; is simply: FU(s1) = EQ({}) —
W(0). The expected utility formula for strategy s is the following: EU(sq2) =

[fy PRE®(t)dt x PUKS x PA(NAF)] x [EQ({NAF}) — W(T) — BCj]+

[fy PRE(t)dt x PUKB® x PA(EF)] x [EQ({EF}) — W(T) — BC;]+

T O o]
T PRES (1)t x (1 PUKE™)] x [EQ({}) - W(T) — BC;]+
T (o]
(1= [y PRE(t)dt] x [EQ({}) — W(T) — BCj]

The expected utility formula for strategy ss is just like so above, except we
replace Bob with Oscar. Note however, the optimal time T to stop waiting for
a response will probably be different between the two strategies.

Computing the expected utility values then, EU(s1) = 60, EU(s2) = 69.55
at its optimal time point 7" = 3.47, and EU(s3) = 65.08 at its optimal time
point T = 2.74. As we can see, for this particular example, it is worth it for
the agent to query a user, and more specifically, to query Bob. Figure 2 shows
how EU(s2) and EU(s3) vary depending on the transfer time 7. Notice that
we initially gain FU by giving more time for the user to respond, but that after
some optimal time point, the waiting cost accumulation overwhelms any extra
benefit from waiting for the user’s response. Note that the optimal time point
for s3 is sooner than for s,. This is primarily because Oscar is expected to
respond sooner (so there is less need to give him more time), and also because
he is likely to say “I don’t know”, which does not benefit the agent, and so it is
less worthwhile to give him more time, since waiting costs are accumulating. It
is interesting to note that our model is able to select the best user to query, even
though this is not immediately clear (given that Bob has a higher probability of
knowing the answer, but Oscar has a higher response probability).
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Keeping true to the spirit of mixed-initiative, that the style of interaction
between the system and the user is not fixed in advance, our model will select
different strategies” in different situations. For instance, if the bother cost were
raised to 20 (i.e., the users really don’t like to be bothered), then we’ll have
EU(s1) = 60, EU(s2) = 54.55, EU(s3) = 50.08, with s; being the winning
strategy (i.e., don’t query the users). Also, if Oscar knows Bob better, then we
might have PUK&SC‘" = 0.95, and this results in EU(s1) = 60, EU(s2) = 69.55,
EU(s3) = 70.51, so then the agent will choose to query Oscar over Bob.

5 Discussion and Related Work

Our work builds upon that by Fleming[2] and the E-Elves project[1] to create a
domain-independent decision-theoretic model that can reason about the trade-
offs between interacting with one or more users over a series of questions, against
the costs of such an interaction.

We extended Fleming’s[2] model in several ways. First, we address the issue
of how to plan for follow-up questions. We also allow the agent to stop waiting
and move on to another action if the queried user does not respond in time. A
consequence of this approach is that we have a new category of ‘response’ that
Fleming does not, namely ‘no response’. In general, Fleming’s model reasons
about whether to interact with a user, while ours reasons about whether to
interact, with any one of a number of users, which question to ask, when to stop
waiting for a response, and whether to generate a follow-up question, depending
on the response, towards an overall strategy that maximizes expected utility.
Overall, we show that the concept of a strategy, that worked so well in the E-
Elves project[1] for adjustable autonomy, is also applicable to domains where
agents need to reason about information seeking dialogue with users.

We make a contribution to the E-Elves[1] work by proposing a new type of
agent action that allows the agent to gather information from the user, while still
retaining the decision making authority. This causes strategies in our model to
be more like a tree, rather than the straight linear path of an E-Elves strategy,
since now an agent will be flexible enough to do different actions depending on
the user responses. A result of this is that while the E-Elves model requires
that the model parameters remain static, our model allows for a dynamically
changing world. For instance, our model can handle cases where the agent’s de-
cision making ability improves, as the interaction proceeds. We also incorporate
relevant user modeling factors, such as bother cost.

Our work also contributes to the literature on clarification dialogues. In
Chin & Porage’s[3] work on IONA, they select the query that reduces the most
uncertainty. As pointed out in [3] however, a major drawback to this approach
is that sometimes reducing uncertainty is not important if the final outcomes
remain unchanged. This is similar to the work by van Beek & Cohen[4], where
they forgo clarification if the ambiguity does not matter. In our model, the

7 Note that in more elaborate examples, there may be both multiple possible queries
and multiple possible users to ask in a strategy.
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query that gets selected is the one that results in the highest expected quality
of decision (relative to the costs of interaction), and this is influenced by both
uncertainty and what the agent can do with the extra information. While [3]
discusses how planning ahead may be computationally expensive, we keep our
computation tractable by limiting the generation of possible strategies to those
containing K or fewer queries. We feel that for most domains, the waiting and
bother cost will eventually overwhelm the benefit of repeatedly asking questions,
and so the value of K can be kept fairly small. Our use of expected utility to
drive the possible generation of clarifying questions is also similar in spirit to the
work of Wu[5], that uses active acquisition goals, arising from reasoning failure,
to drive the generation of queries, as long as the expected utility of doing so is
higher than some current plan.

Raskutti and Zukerman’s RADAR system[6] includes another proposal to
generate disambiguating queries, which is issued when the user’s plan is uncer-
tain, or if there are multiple ways to meet the user’s goal. Two factors used
to determine which query to issue are the nuisance factor, aimed at avoiding
irrelevant queries, and the estimated queries factor, to reduce the number of
queries overall. This is similar to our model, where our bother cost term can
incorporate the question irrelevance criterion, and the waiting cost helps temper
the number of queries generated, though we will still generate more queries if
the benefits exceed the costs.

A key aspect our overall model is that the choice of interaction is user de-
pendent, and hence requires good user modeling. For instance, PRgij (t) can
vary wildly between different situations. As reported in [7], a user in her office
communicating with the agent will respond on average in five minutes, while a
user outside the office and communicating with the agent via Palm pilot will
require an hour to respond. Therefore, how we model the user will determine
which interaction strategies are used by our agent.

6 Future Work

One direction for future research that is particularly relevant to user modeling
is to further investigate the bother cost factor, including: how to model bother
to the user when an agent stops waiting for a response, how to properly account
for collective bother cost, and in case of multiagent systems, how to coordinate
the possible interactions to a single user from multiple agents, so as to minimize
excessive bother. To develop accurate models of the bother incurred by a user,
it would be useful to draw from more detailed studies such as that of Horvitz[§]
that learns about the user over time. A related issue is how bother affects a user’s
probability of response. Another factor that can be explored is the possibility
of incorrect responses by the user (currently subsumed in the user response of
“I don’t know”). As for reasoning about generating a question for a user, it
is also useful to explore options of providing more detailed responses that help
to prevent further follow up, as discussed in the work of Ardissono[9]. And for
best representing the probability of an answer during preference elicitation, user
preference modeling such as that by Carberry[10] may be useful.
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At the moment, our model computes a conservative estimate of the expected
utility of a strategy, since a user can respond earlier than the time the agent
allotted for the interaction. In a sense, we are giving the lower bound of a
strategy’s real expected utility. Therefore, a future work would be to derive a
more precise calculation of a strategy’s expected utility. Nonetheless, it should
be noted that the model still achieves its purpose of reasoning about which
strategies are good to employ.

We are also working on heuristics to reduce the number of strategies generated
and searched. For instance, if one user clearly dominates other users in the
relevant user dimensions, then we just need to go with that user. Likewise,
by reducing the number of queries considered, we can decrease the number of
strategies that we need to evaluate. Simulations could be used to demonstrate
the value of the heuristics used and having real users evaluate the resulting model
would be useful.
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Abstract. We present a comparative analysis of a layered architecture
of Hidden Markov Models (HMMs) and dynamic Bayesian networks
(DBNs) for identifying human activites from multimodal sensor infor-
mation. We use the two representations to diagnose users’ activities in
S-SEER, a multimodal system for recognizing office activity from real-
time streams of evidence from video, audio and computer (keyboard
and mouse) interactions. As the computation required for sensing and
processing perceptual information can impose significant burdens on per-
sonal computers, the system is designed to perform selective perception
using expected-value-of-information (EVI) to limit sensing and analysis.
We discuss the relative performance of HMMs and DBNs in the context
of diagnosis and EVI computation.

1 Introduction

We explore in this paper a better understanding of the relative performance of
Hidden Markov Models (HMMs) and dynamic Bayesian networks (DBNs) for
recognizing office activities within a component of a multilevel signal processing
and inference architecture, named S-SEER. S-SEER is a multimodal probabilistic
reasoning system that provides real-time interpretations of human activity in and
around an office [15, 13]. Our research to date on the system has addressed two
main challenges. On one front, we have explored the use of a hierarchical reason-
ing architecture for processing low-level signals into higher-level interpretations.
We have demonstrated several valuable properties of the multilevel architecture,
including its value in significantly shrinking the dimensionality of the parameter
space, thus reducing the training requirements of the system [15]. On another
front, we have investigated the use of value of information to limit computation
by selecting in a dynamic manner specific subsets of sensors to use. We have
shown how the selective use of sensors and associated computation reduces the
overall computational burden in return for small degradations in the accuracy
of the system [13].

To date, we have employed HMMs at all levels of S-SEER. In this paper we
extend S-SEER with a comparative analyis of HMMs and DBNs at the highest
level of reasoning. The research was motivated by the challenge of reasoning with
unobserved sets of variables —a situation underscored by our work with selective
perception.

L. Ardissono, P. Brna, and A. Mitrovic (Eds.): UM 2005, LNAI 3538, pp. 199-209, 2005.
(© Springer-Verlag Berlin Heidelberg 2005
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This paper is organized as follows: We first provide background on multi-
modal systems in Sect. 2. Section 3 describes our work on learning dynamic
graphical models (HMMs and DBNs) to model office activities. In Sect. 4 we
briefly describe the decision-theoretic selective perception strategy that we have
incorporated in S-SEER. Section 5 provides background on the S-SEER system.
Experimental results with the use of a layered architecture of HMMs and DBNs
in S-SEER are presented in Sect. 6. We also perform a supportive study to probe
the value of richer temporal relationships among states and unobserved variables
with DBNs. Finally, we summarize our work in Sect. 7.

2 Prior Related Work on Human Activity Recognition

We shall review here some of the most relevant previous work on human activity
recognition from perceptual data using dynamic graphical models. For a more
complete overview of the prior related work, we direct the reader to [15,13].

Most of the early work in this area centered on the identification of a specific
activity in a particular scenario, and in particular, single events such as “waving
the hand” or “sitting on a chair”. More recently there has been increasing interest
on modeling more complex patterns of behavior, and especially patterns that
extend over long periods of time. Hidden Markov Models (HMMs) [16] and
extensions have been one of the most popular modeling techniques. Some of the
earliest work was done by Starner and Pentland in [18] where they used HMMs
for recognizing hand movements in American Sign Language and by Oliver et al
[12] to recognize facial expressions. More complex models, such as Parameterized-
HMMs [19], Entropic-HMMs [1], Variable-length HMMs [7], Coupled-HMMs [2],
structured HMMs [17] and context-free grammars [8] have been used to recognize
more complex activities such as the interaction between two people.

Moving beyond the HMM representation and solution paradigm, researchers
have investigated more general temporal dependency models, such as dynamic
Bayesian networks (DBNs) (also known as dynamic graphical models). DBNs
have been adopted by several researchers for the modeling and recognition of
human activities [3, 5, 10].

HMDMs can be viewed as a specific case of the more general dynamic graphical
models, where particular dependencies are assumed. Thus, HMMs and their
variants can be interpreted as examples of DBNs.

DBNSs present several advantages to the problem of user modeling from multi-
sensory information: they can handle incomplete data as well as uncertainty; they
are trainable and provide means for avoiding overfitting; they encode causality
in a natural way; algorithms exist for learning the structure of the networks and
doing predictive inference; they offer a framework for combining prior knowledge
and data; finally, they are modular and parallelizable. However, they pose, in
the general case, difficult inference problems, especially with loopy graphs and
continous data. Several efficient optimizations available for learning and solving
HMDMs are not available for general DBNs.
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With different representations available, there is still the open question of
how suitable a particular representation might be for a specific task. We explore
in this paper the power and tradeoffs of HMMs versus more general DBNs when
applied to the task of recognizing in real-time typical office activities from sensor
data. Our main contribution is a comparison of a layered architecture of HMMs
with a layered architecture of HMMs and DBNs for modeling office activities.
We examine base-level inference as well as the use of value of information to
select the best subset of sensors to use.

3 Layered Dynamic Graphical Models for User Modeling

We shall now review the layered dynamic graphical model approach that we
have used for modeling the user’s behavior in and around the office. We direct
the reader to [15] for more detail on the motivation of our layered architecture
and its performance compared to standard single-layer HMMs.

3.1 Layered HMMs (LHMMs)

In [15] we describe the use of a multilayer representation of HMMs, named LH-
MMs, that reasons in parallel at different levels of temporal detail. Such an
architecture has the ability to decompose the parameter space in a manner that
reduces the training and tuning requirements. Each layer of the architecture is
connected to the next layer via its inferential results. The representation seg-
ments the problem into distinct layers that operate at different temporal gran-
ularities! — allowing for temporal abstractions from pointwise observations at
particular times into explanations over varying temporal intervals. This archi-
tecture can be characterized as a stacked classifier.

The layered formulation makes it feasible to decouple different levels of anal-
ysis for training and inference. As we review in [15], each level of the hier-
archy is trained independently, with different feature vectors and time granu-
larities. Thus, the lowest signal-analysis layer that is most sensitive to varia-
tions in the environment can be retrained, while leaving the higher-level layers
unchanged.

3.2 Layered HMMs and DBNs

We focus here on extending the layered HMM architecture to include DBNs at
the highest level,while the lower level is still based on HMMs for simplicity?.
We learn the DBNs from observed data using structural learning [6, 11]. In
particular, we have extended a Bayesian network tool named WinMine [4] de-
veloped by Microsoft Research, to consider variables at different time steps and
therefore learn a DBN. WinMine uses a Bayesian score to learn the structure

1 The “time granularity” in this context corresponds to the window size or vector
length of the observation sequences in the HMMs.
2 This level interfaces with the sensor data which is a continous dynamic time series.
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and parameters of the model, given some basic constraints supplied a priori,
such as prohibiting edges between nodes at time ¢ and nodes at time t — 1,
i.e. forcing the connections to be either co-temporal or go forward in time. The
learned distributions are decision trees and the Bayesian score is used to choose
the splits in the trees. The tree-growing algorithm for Bayesian networks is to
score every possible split in every leaf of every node, and then perform the best
one that does not result in a cycle in the network (a split in a tree corresponds
to a parent in the DBN).

4  Decision Theoretic Selective Perception

An important challenge in multimodal real-time perceptual systems is CPU con-
sumption. Processing video and audio sensor information to make inferences
usually consumes a large portion of the available CPU time. We integrated into
S-SEER several methods for selecting features dynamically [13], including an
EVI-based method, based on calculations of the expected value of information.
In the experiments described in [13] we studied the performance and overall
computational cost of the system using these methods.

In this paper we focus on using an FEVI-based method to perform real-time,
one step look-ahead sensor selection both in HMMs an DBNs.

5 Implementation of S-SEER

S-SEER consists of a two-level architecture with three processing layers as illus-
trated in Fig. 1. For a more detailed description we direct the reader to [15,13].

5.1 Sensors and Feature Extraction

In S-SEER we explore the challenge of fusing information from three different
sensors. The raw sensor signals are preprocessed to obtain feature vectors (i.e.
observations) for the first layer of HMMs.

(1) Audio: Two mini-microphones (20 — 16000 Hz, SNR 58 dB) capture am-
bient audio information. They are used for sound classification and localization.
The audio signal is sampled at 44100 KHz. We compute Linear Predictive Coding
coefficients [16] on the audio signal. Feature selection is applied to these coef-
ficients via principal component analysis. We select the number of coefficients
such that at least 95% of the variability in the data is kept, which is typically
achieved with no more than 7 features. We also extract higher-level features from
the audio signal such as its energy, the mean and variance of the fundamental
frequency over a time window, and the zero crossing rate [16]. The source of the
sound is localized using the Time Delay of Arrival (TDOA) method.

(2) Video: A standard Firewire camera, sampled at 30 f.p.s, is used to de-
termine the number of persons present in the scene. We extract four features
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Fig. 1. Architecture of S-SEER

from the video signal: the density® of skin color pixels in the image (obtained
by discriminating between skin and non-skin models, consisting of histograms in
YUV color space), the density of motion pixels in the image (obtained by image
differences), the density of foreground pixels in the image (obtained by back-
ground subtraction, using an adaptive background technique), and the density
of face pixels in the image (obtained by means of a real-time face detector [9]).

(3) Keyboard and Mouse: A history of the last 1, 5 and 60 seconds of
mouse and keyboard activities is logged.

5.2 Continuous HMMs at the First Level

The first level of HMMs includes two banks of distinct HMMs for classifying the
audio and video feature vectors. The feature vectors at this level are a stream
of continous floating point data. The structure for each of these HMMs is de-
termined by means of cross-validation on a validation set of real-time data. On
the audio side, we train one HMM for each of the following office sounds: human
speech, music, silence, ambient noise, phone ringing, and the sounds of keyboard
typing. In the architecture, all the HMMSs are run in parallel. At each time slice,
the model with the highest likelihood is selected and the data —e.g. sound in

3 By “density” we mean the number of pixels that satisfy a certain property, divided
by the total number of pixels.
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the case of the audio HMMs- is classified correspondingly. We will refer to this
kind of HMMs as discriminative HMMs. The video signals are classified using
another bank of discriminative HMMs that implement a person detector. At this
level, the system detects whether nobody, one person (semi-static), one active
person, or multiple people are present in the office. Each bank of HMMSs can use
selective perception strategies [13] to determine which features to use.

5.3 Second Level Dynamic Graphical Models

The next level in the architecture processes the inferential results? from the
previous layer (i.e. the outputs of the audio and video classifiers), the derivative
of the sound localization component, and the history of keyboard and mouse
activities. This layer handles concepts with longer temporal extent and of discrete
nature. Such concepts include the user’s typical activities in or near an office. In
particular, the activities modeled are: (1) Phone conversation; (2) Presentation;
(3) Face-to-face conversation; (4) User present, engaged in some other activity;
(5) Distant conversation (outside the field of view); (6) Nobody present. Some of
these activities can be used in a variety of ways in services, such as those that
identify a person’s availability.

This is the level of description where we have implemented and compared
two different models: discrete HMMs and DBNs, both learned from data.

(1) HMMs: A bank of discriminative HMMs with selective perception policies
to determine which inputs from the previous layer to use. Figure 2 (a) (left)
illustrates the architecture with HMMs at the highest level.

(2) DBNs: A single DBN with selective perception and a hidden “Activity”
node is learned from data. Figure 2 (a) (right) depicts the network learned and
used in our experiments.

The figure shows two time slices of the DBN, corresponding to time 7°0 and
time T'1. The complete network consists of extending the DBN up to time 779,
i.e. for 10 time steps. There are five different discrete variables to be modeled,
all of them with a subscript corresponding to the time slice: “Activity”, which
is a hidden variable that contains the value of current activity that is taking
place in the office, i.e. (0) Phone conversation; (1) Presentation; (2) Face-to-
face conversation; (3) User present, engaged in some other activity; (4) Distant
conversation (outside the field of view); (5) Nobody present; “Video”, an observed
variable that contains the inferential results of the bank of HMMs classifying
the video signal. It has one of the following values: (0) One person present;
(1) Multiple people present; (2) One active person present; (3) Nobody present;
“Audio”, an observed variable corresponding to the inferential results of the
bank of HMMs classifying the audio signal. Its possible values are: (0) Ambient
Noise; (1) Speech; (2) Music; (3) Phone Ringing; (4) Keyboard typing, “SL”, an
observed variable with the sound localization results: (0) Left of the monitor; (1)

4 See [14] for a detailed description of how we use these inferential results.
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Fig. 2. (a) Highest level of S-SEER with HMMs (left) and a DBN (right); (b) Evolution
over 25 consecutive time slices of the probability distribution of a “Video T” node in
the DBN with selective perception and during a Presentation

Center of the monitor; (2) Right of the monitor; “KM”, an observed variable with
the history of keyboard and mouse activities. Its values are: (0) No activity; (1)
Current Mouse Activity; (2) Current Keyboard Activity; (3) Keyboard or mouse
activity in the past second.

The learned model highlights the enhanced expressiveness of more general
dynamic graphical models. Note how the learned structure of the DBN differs
from that of an HMM. The DBN has new dependencies that are missing on the
HMM, such as the edge between the keyboard and mouse node and the video
node, the edge between the video node at time 70 and the sound localization
node at time 71, and the edge between the video node at time 70 and the
audio node at time 7'1. The DBN has discovered in the data: (1) A co-temporal
dependency between the sound localization and the audio nodes, and between
the keyboard and mouse, and the video nodes; (2) A causal relationship between
the presence information obtained from the video sensor and the audio and sound
localization nodes. These new connections make intuitive sense. For example, if
the keyboard and mouse are in use at time 70 it is very unlikely that the video
sensor would determine that there is nobody there at that same time T0; or if
the vision sensor detects that there is one person present at time 770, it is quite
likely that there will be some speech at time T'1 and that the sound will come
from the center of the monitor.

6 Experiments

In our experiments we were particularly interested in comparing: (1) The ac-
curacy of HMMs versus DBNs with and without selective perception, and (2)
evaluating the advantages and disadvantages of both models from a practical
perspective.



206 N. Oliver and E. Horvitz

Table 1. (a) Average accuracies for S-SEER with HMMs and DBNs, with and without
selective perception; (b) Percentage of time that each sensor was in use with HMMs
and DBNs

Recogmtlon. Accuracy \.mthout /with Percentage of use of each sensor
Selective Perception (%) .
in HMMs/DBN

HMMs DBNs Video Audio [Sound Loc.| Keyboard/
PC 97/98 95/90 1 s
gFC 22;2; gggg PC [22.7/99.8 | 22.7/2.3| 0.0/0.0 |100.0/100.0
5 93/100 99799 FFC|27.3/100.0| 27.3/0.0 | 0.0/0.0 {100.0/100.0
D 100//100 100//99 p 0.3/5.6 | 0.3/0.0 | 0.0/0.0 |100.0/100.0
BE 91770 96,/96 (0] 0.0/2.6 | 0.0/4.7 | 0.0/0.0 |100.0/100.0
Average NP | 24.1/3.4 |24.1/98.1| 0.0/0.0 {100.0/100.0
Accuracy|94.3/92.2 97.7/96.7 DC |23.6/97.4 |23.6/98.1| 0.0/0.0 {100.0/100.0

(a) (b)

We trained S-SEER both with HMMs and with the DBN at the highest
processing level® with 1800 samples (300 samples per activity) of each of the
office activities of interest, i.e., Phone conversation; Presentation; Face-to-face
conversation; User present, engaged in some other activity; Distant conversation
(outside the field of view); Nobody present. All the samples in the experiments
below correspond to the same user. We used leave-one-out cross-validation to
determine that 10 was the optimal number of time steps for the DBN.

To test the performance of both models we collected about 90 minutes of
activity data (about 15 minutes per activity). We ran accuracy tests of the
HMMs and the DBN with and without selective perception. The results are
displayed in Table 1 (a) where we use the abbreviations: PC=Phone Conver-
sation; FFC=Face to Face Conversation; P=Presentation; O=Other Activity;
NP=Nobody Present; DC=Distant Conversation.

Observations that can be noted from our experiements are that the DBN has
better recognition accuracies than HMMs for the problem we are solving, and
that employing selective perception policies leads to a more significant degrada-
tion in the performance of HMMs than that of the DBN. An important factor for
this difference in behavior is how unobserved variables are treated in each model.
In HMMs, we marginalize over the unobserved variables whereas in DBNs we do
not enter evidence in the unobserved nodes. Rather previous states and observa-
tions in the last time slice influence inference about the state of the unobserved
variables. We will return to this below.

We also observed that in most of our experiments, S-SEER —both with HMMs
and DBNSs, never turned the sound localization feature on, due to its high compu-
tational cost versus the relatively low informational value this acoustical feature

5 Note that the signal processing module and the first level of HMMs is identical in
both cases. We are comparing HMMs with DBNs at the highest level of inference in
S-SEER.
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provides. On the other hand, the keyboard and mouse sensors were at use all
the time. Thus, we have learned information that is valuable in learning designs
for an activity sensing system in this domain.

To better understand the behavior of the EVI-based selective perception
policy in HMMs and DBNs we tracked the percentage of time that each sensor
was used in our experiments. Table 1 (b) reflects the results. Note how HMMs
tend to use the video and audio sensors quite in synchrony, whereas the DBN
exhibits are more asymmetric behavior. On top of the keyboard and mouse —
that are constantly used, there are activities where the DBN heavily relies on
one other sensor, such as the video sensor during a Phone Conversation (99.8%
use) or the audio sensor when there is Nobody Present (98.1% use).

We note that S-SEER’s high accuracy without selective perception, may in-
dicate that the task is too easy for the model and that is the reason why the
selective perception policies have reasonable accuracies as well. We emphasize
that the results reflected on the table correspond to a particular test set. We
are also exploring more challenging scenarios for S-SEER, both in terms of the
number of activities to classify from and their complexity.

Persistence of the Observed Data

As mentioned above, we use HMMs in a discriminatory fashion, which implies
learning one HMM per class, running all HMMs in parallel and choosing the
HMM with the highest likelihood as the most likely model. On the other hand,
we learn a single DBN that has a hidden “Activity” node that provides us with
the likelihood of each office activity at each time slice®.

We are interested in understanding the persistence versus volatility of ob-
servational states in the world. Rather than consider findings unobserved at a
particular time slice if the corresponding sensory analyses have not been im-
mediately performed, we would like to smooth out the value of the unobserved
variables over time. DBNs allow for such a consideration because we have a single
model for all activities, they encode a probability distribution for each variable
and inference is performed with the network moving forward in time for any
number of time slices with or without entering new evidence.

In a second set of experiments, we tracked the evolution of the probability
distribution over all possible values of a particular node when using selective
perception. Our goal was to see how the values of such variables change over time
when a particular sensor is not used. Figure 2 (b) illustrates a typical behavior of
S-SEER with a DBN and selective perception. The figure shows the probabilities
over 25 consecutive time slices of a “Video T” node during a Presentation. At
time 1 the video sensor was used and therefore the probability of One Active
Person Present was clamped to 1.0. From time slice 2 until time 14 the video
sensor was not in use. The probability of One Active Person Present smoothly
declines over time while the probability of One Person Present increases over

5 The duration of a time slice depends on the level of inference: typical durations for
the time slices at the lowest level are of 50ms, and of .5s at the highest level.
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time. Then, at time 15, the system decides to use the video sensor again until
time 22 when it turns off the video sensor. We believe that this probabilistic
smoothing over time in the presence of missing data is a valuable property of
DBNs.

7 Summary

We have explored and compared the use of HMMs and DBNs for recognizing
office activities with and without selective perception. Our testbed is a multi-
modal, multi-layer, real-time office activity recognition system named S-SEER.

HMDMs have been used successfully in the area of human behavior modeling
and this representation formed the core of the early work in S-SEER. Motivated
by the case of missing observations associated with the use of a selective percep-
tion policy, we pursued a comparative analysis of the use of dynamic Bayesian
network models in a component of S-SEER. In experiments, we have identified
some differences and tradeoffs in the use of DBNs when compared to HMMs.
We found that (1) DBNs can learn dependencies between variables that were
assumed independent in HMMs; (2) DBNs provide a unified probability model
as opposed to having one model per activity as in discriminative HMMs; and (3)
the accuracy of inference by DBNs seems to be less sensitive than HMMs to the
loss of access to sets of observations, per a specific selective perception algorithm
that we have implemented. We believe that one reason for their lower degrada-
tion of the performance is the fact that unobserved variables in DBNs change
smoothly over time, whereas HMMs marginalize over the unobserved variables.
On the other hand, HMMs are simpler to train and to do inference with, they
can handle continous data, and they impose less computational burden than
arbitrary DBNs.

Thus, the best representation depends on several factors, including the re-
sources available for training and testing, the likelihood that variables will not be
observed, the nature of the data and the complexity of the domain. We advocate
considering the merits of each approach in building human activity recognition
systems.

References

1. M. Brand and V. Kettnaker. Discovery and segmentation of activities in video.
IEEE Transactions on Pattern Analysis and Machine Intelligence, 22(8), 2000.

2. M. Brand, N. Oliver, and A. Pentland. Coupled hidden markov models for complex
action recognition. In Proc. of CVPR97, 994-999, 1996.

3. Hilary Buxton and Shaogang Gong. Advanced Visual Surveillance using Bayesian
Networks. In International Conference on Computer Vision, 111-123, Cambridge,
Massachusetts, June 1995.

4. D.M. Chickering. The winmine toolkit. Technical Report MSR-TR~2002-103, Mi-
crosoft, Redmond, WA, 2002.



10.

11.

12.

13.

14.

15.

16.
17.

18.

19.

A Comparison of HMMs and DBNs for Recognizing Office Activities 209

J. Forbes, T. Huang, K. Kanazawa, and S. Russell. The batmobile: Towards a
bayesian automated taxi. In Proc. Fourteenth International Joint Conference on
Artificial Intelligence, IJCAI’95, 1995.

N. Friedman, K. Murphy, and S. Russell. Learning the structure of dynamic prob-
abilistic networks. In Proceedings of the 1st Annual Conference on Uncertainty in
Artificial Intelligence (UAI-98), 139-147, New York, NY, 1998. Elsevier Science
Publishing Comapny, Inc.

A. Galata, N. Johnson, and D. Hogg. Learning variable length markov models of
behaviour. International Journal on Computer Vision, IJCV, 398-413, 2001.

Y. Ivanov and A. Bobick. Recognition of visual activities and interactions by
stochastic parsing. IEEE Trans. on Pattern Analysis and Machine Intelligence,
TPAMI, 22(8):852-872, 2000.

S.Z. Li, X.L. Zou, Y.X. Hu, Z.Q. Zhang, S.C. Yan, X.H. Peng, L. Huang, and H.J.
Zhang. Real-time multi-view face detection, tracking, pose estimation, alignment,
and recognition, 2001.

L. Liao, D. Fox, and H. Kautz. Learning and inferring transportation routines. In
Proceedings of AAAI’04, 348-353, 2004.

K. Murphy. Dynamic Bayesian Networks: Representation, Inference and Learning.
PhD thesis, U.C. Berkeley, 2002.

N. Oliver, F. Berard, and A. Pentland. Lafter: Lips and face tracking. In Proceed.
of IEEE International Conference on Computer Vision and Pattern Recognition,
CVPR’97, S.Juan, Puerto Rico, June 1997.

N. Oliver and E. Horvitz. Selective perception policies for guiding sensing and
computation in multimodal systems: a comparative analysis. In Proc. of Int. Conf.
on Multimodal Interfaces, 36-43, 2003.

N. Oliver, E. Horvitz, and A. Garg. Layered representations for human activity
recognition. In Proc. of Int. Conf. on Multimodal Interfaces, 3-8, 2002.

N. Oliver, E. Horvitz, and A. Garg. Layered representations for human activity
recognition. Computer Vision and Image Understanding Journal, 96:2:163-180,
2004.

L. Rabiner and B.H. Huang. Fundamentals of Speech Recognition. 1993.

F. Bremond S. Hongeng and R. Nevatia. Representation and optimal recognition
of human activities. In Proc. of the IEEE Conference on Computer Vision and
Pattern Recognition, CVPR’00, 2000.

T. Starner and A. Pentland. Real-time american sign language recognition from
video using hidden markov models. In Proceed. of SCV’95, 265-270, 1995.

A. Wilson and A. Bobick. Recognition and interpretation of parametric gesture. In
Proc. of International Conference on Computer Vision, ICCV’98, 329-336, 1998.



Modeling Agents That Exhibit Variable Performance
in a Collaborative Setting*

Ingrid Zukerman and Christian Guttmann

School of Computer Science and Software Engineering,
Monash University, Clayton, Victoria 3800, Australia
{ingrid, xtg}ecsse.monash.edu.au

Abstract. In a collaborative environment, knowledge about collaborators’ skills
is an important factor when determining which team members should perform
a task. However, this knowledge may be incomplete or uncertain. In this pa-
per, we extend our ETAPP (Environment-Task-Agents-Policy-Protocol) collabo-
ration framework by modeling team members that exhibit non-deterministic per-
formance, and comparing two alternative ways of using these models to assign
agents to tasks. Our simulation-based evaluation shows that performance variabil-
ity has a large impact on task performance, and that task performance is improved
by consulting agent models built from a small number of observations of agents’
recent performance.

1 Introduction

Collaboration plays a critical role when a team is striving for goals which are difficult
to achieve by an individual. When a team is trying to perform a task, knowledge about
collaborators’ skills is necessary in order to determine which team members should
perform which portions of the task. However, this knowledge may be incomplete, e.g.,
when collaborators are new to a team or face a new task, or uncertain, e.g., when the
performance of collaborators is variable.

Our work focuses on how teams of agents make decisions when allocating tasks to
team members. Group decisions are based on the opinions of team members, which in
turn are based on their models of their collaborators. In previous work, we investigated
joint decision making under the ETAPP framework [4], which expresses the collabo-
ration of a team of agents in terms of five operating parameters (Environment, Task,
Agents, Policy and Protocol). An important result from this research is that the main
factor that influences task performance is the ability of the agents in a team to learn
the models of team members from observations of their performance. However, this
insight was obtained under a simplistic assumption whereby agents’ performance is de-
terministic and invariant. This assumption implies that an agent’s performance is the
same every time a task is performed under the same conditions. Hence, an agent’s level
of performance under a particular set of conditions can be determined from a single
observation of its actions.
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search Council, and by an endowment from Hewlett Packard. The authors thank Yuval Marom
for his assistance with the evaluation.
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In this paper, we extend the ETAPP framework to build agent models under more re-
alistic assumptions whereby the performance of agents is non-deterministic. That is, an
agent’s level of performance may change every time it performs a task due to the influence
of factors that are not explicit. This extension requires a probabilistic representation of an
agent’s task-related capabilities, such as mean level of performance and stability; a proce-
dure for building agent models from a sequence of observations; and arepresentation of an
observer’s observation capacity, i.e., how many observations can the observer remember.
To illustrate these representations, a stable, high-performing agent exhibits a consistently
high level of performance, while an unstable, medium-performing agent may sometimes
perform well and other times poorly. An observer with a high observation capacity (it
recalls many actions performed by team members) will derive an accurate model of the
task-related capabilities of both types of agents, while an observer with a low observation
capacity (it can recall only the last few observations) may still derive an accurate model
of the stable agent, but its model of the unstable agent may be quite skewed.

In addition to our agent-modeling extensions, in this paper we compare two policies
for assigning agents to tasks based on the proposals made by the agents in a team: an
“optimistic” policy, which chooses the proposed agent with the most promising perfor-
mance compared to all the other proposed agents [4], and a “majority” policy, which
chooses the agent preferred by most team members.

We assessed the influence of these factors on task performance by means of a simu-
lation where we varied the level of performance and stability of agents and their obser-
vation capacity, and applied the two policies for selecting agents for tasks.

Section 2 outlines the ETAPP framework and discusses the above mentioned ex-
tensions. Our evaluation is described in Section 3. In Section 4, we consider related
research, followed by our conclusions.

2 The ETAPP Framework

The ETAPP [4] framework is designed for a decentralized setting, where agents act au-
tonomously based on their knowledge of their team members. Our framework provides
an explicit representation of five operating parameters of a collaboration: Environment,
Task, Agents, Policy and Protocol. The Task given to the group is to be performed in
the Environment, and the Policy and Protocol are procedures agreed upon by all the
agents in the group, but performed autonomously (this is similar to abiding by certain
rules in order to belong to a society). Central to the ETAPP framework is the idea that
the real capabilities of the agents in a team are not known to the team members. Hence,
individual agents employ models of collaborators’ capabilities in order to estimate the
contributions of team members to a task. The Agents component stores these models
and the mechanisms to reason about them.

The elements of the ETAPP framework are outlined below (for more details see [4],
but note that the Agents component has been substantially modified since that publica-
tion). Our extensions are described in Section 2.1.

An Environment £ is a state space described by predicates, which represent properties
of objects and relations between objects. A state in the environment describes the values
of these predicates at a particular step in a collaboration.
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A Task T is represented by a tuple with two elements < ECp, EFp >.

— ECr specifies the Evaluation Criteria relevant to task 7, e.g., speed, quality or
profit. The value for each criterion ranges between 0 and 1, where 0 corresponds to
the worst possible performance and 1 corresponds to the optimal performance.

— EFp denotes the Evaluation Function for the task, which specifies the weights as-
signed to the Evaluation Criteria (i.e., their relative importance to the task), and the
way in which the values for these criteria are combined. For instance, the Evaluation
Function EFr = max Z:l:l ec;w; specifies that the task should maximize a linear
combination of n Evaluation Criteria, where w; for 7 = 1,... n are the weights
assigned to these criteria. These weights range between 0 and 1, where O indicates
no impact of a criterion on task performance, and 1 indicates maximum impact.

A team of Agents A comprises agents {A1,..., A,,}, where m is the number of
agents in A. Individual agents have Internal Resources (IR), which represent the task-
related capabilities of an agent, and Modeling Resources (MR), which represent the
ability of an agent to model agents and reason about them.

The IR of an agent represent how well it can perform an action in terms of the Evalu-
ation Criteria of the task. The values for IR range between 0 and 1, with 0 indicating the
worst performance and 1 the best. For instance, if the Evaluation Criteria of a task are time
and quality, and one of the actions in the environment is drive, then I R 4, (drive) repre-
sent the driving performance of agent A; in terms of time and quality, i.e., I R 4, (drive) =
{Perf ™ (drive), Perf {*"!(drive)}. These capabilities are not directly observable (only
the resultant behaviour can be observed). Hence, they cannot be used to propose agents
for tasks (but they are necessary to simulate agent performance, Section 3).

The MR of an agent comprise its Models (M) of the Internal Resources of agents,
the Resource Limits (RL) of the agent in question, and its Reasoning Apparatus (RA).

— M, are the models maintained by agent A; to estimate R4, for j = 1,...,m.
A;’s estimation of the capabilities of the agents in the team (including its own capa-
bilities) may differ from their actual performance, in particular if agent A; has never
observed the team in action. This estimation may be updated as agent A; observes
the real performance of the agents in the team.

— The RL of an agent pertain to the amount of memory available to store models of
agents, the agent’s ability to update these models and generate proposals, and its
ability to send and receive proposals (an agent that has become disconnected cannot
send proposals, even if it can generate them).

— The RA consists of the processes applied by protocol P, which enable an agent to
act in an environment and interact with collaborators. These processes are:
(1) proposing agents for an action (selecting agents from a list of candidates);
(2) communicating this proposal to other agents; (3) applying a policy P4 to se-
lect a proposal from the communicated proposals; and (4) updating M based on the
observed performance of the selected agent(s).

A Policy P4 is a joint policy (adopted by all the agents in the team) for making de-
centralized group decisions about assigning agents to activities. As stated above, each
agent proposes one or more agents for an action (according to its models M and its
RA). Upon receiving all the proposals, each agent uses P4 for selecting one proposal.
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In the future, we plan to compare this decentralized decision-making process with a
centralized process, where a leader assesses proposals and communicates the outcome
to team members. It is expected that the centralized process would require less commu-
nication and computations than our current procedure, while our procedure would be
more resistant to being subverted by corrupt or incompetent leaders.

A Protocol P is a process that is followed by all the agents in the group to coordinate
their interaction. According to this protocol, all agents generate a proposal and commu-
nicate it to the other agents. Next, each agent applies P4 to select a proposal, observes
the performance of the selected agent(s), and updates its model(s) accordingly.

2.1 Extensions of ETAPP

In this paper, we extend the ETAPP framework along three agent-modeling
dimensions — Internal Resources, Resource Limits and Reasoning Apparatus, and con-
sider a new Policy for agent selection.

Internal Resources. As mentioned in Section 1, in the original framework we assumed
that agents’ performance is deterministic and invariant. Thus, I R4, (action) comprise a
set of numbers between 0 and 1. However, in realistic settings, agents exhibit variable
performance (e.g., they could be having a bad day). We represent such a performance
by means of a truncated normal distribution, where the mean represents the ability of an
agent, and the standard deviation represents its stability (truncation is required so that
we don’t exceed the [0,1] thresholds). As stated above, these values are not observable,
but they are the basis from which the observed performance of an agent is obtained
during simulations.

Resource Limits. Originally, due to the deterministic performance of agents, a single
observation of an agent’s performance yielded an accurate model of its ability. However,
this is clearly not the case if the performance is non-deterministic. In order to cope with
this situation, we include Observation Capacity (OC) in our model of the Resource
Limits of agents. This parameter, which is similar to attention span [8], specifies how
many observations of the performance of each agent can be stored by an agent in its
memory. When this limit is exceeded, the observer agent retains a window of the last
K observations (forgetting the initial ones).

Reasoning Apparatus. The variable performance of agents also demands the imple-
mentation of a new model-updating procedure. As for Resource Limits, our previous
single-update method is unlikely to yield accurate results. We therefore propose a sim-
ple procedure whereby an agent re-calculates the mean and standard deviation of the
observed performance of an agent every time it performs an action. Notice, however,
that the results obtained by this procedure are moderated by the observation capacity of
the observing agent. That is, if the observing agent can remember only the last K obser-
vations of an agent’s performance, then the mean and standard deviation are calculated
from these observations.

Policy. In previous work, we implemented an optimistic policy, where the agent with
the most promising performance was chosen for an action. We now consider the major-
ity policy, where the agent that receives the most votes is chosen.
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2.2 Example — Surf Rescue Scenario

In this section, we present an example that illustrates the ETAPP framework in the context
of the Surf Rescue (SR) scenario used in our simulation-based evaluation (Section 3). In
this scenario, the environment £ consists of the beach and the ocean, and the task 7 is
to rescue a distressed person (DP) in the shortest time possible. This means that the set
of evaluation criteria is EC7= {€ctim.}, and the evaluation function is EFpr = max
{€ctime } (recall that the best performance has value 1, i.e., a short time has a high score).

In this example, we have three lifesavers A = { Ay, Ay, A3} at the beach. The task
consists of performing one action — to rescue the distressed person. The values for the IR
of A, Ay and As for this action are R 4, (rescue) =0.5(STDV=0.4), I R 4, (rescue)=0.8
(sTDV=0.3), and IR 4, (rescue) = 0.3 (STDV=0.2). That is, agent A; has a medium
performance and is unstable, agent A, has a high performance and is a bit more stable,
and agent A3 has a low performance and high stability.

For clarity of exposition, we assume that only agents A; and A, can select agents
for a rescue. These two agents (which are both observers and lifesavers) maintain
models of lifesaver agents Ay, Ay and Ag (Ma, (A1), Ma, (A2) and M4, (As), and
My, (A1), Ma,(Asz) and M4, (As)), and generate proposals involving the lifesaver
agents. The models are initialized randomly (i.e., each agent has an a priori, random
opinion of the other agents). Both A; and A store the last three observations made of
the performance of the lifesavers (OC=3), and apply the majority policy for selecting
a lifesaver for a rescue. This policy chooses the lifesaver that most agents voted for (in
the event of a tie, the top agent in an ordered list of agents is selected).

Table 1 illustrates the assignment of agents to a sequence of rescues under the major-
ity selection policy (the values obtained after each rescue are boldfaced). The first col-
umn shows the time of the rescue; the second column lists the observer agents; the third
and fourth columns show the agent proposed by each observer agent and the agent se-
lected by the majority selection policy, respectively. Columns 5-7 contain the observed
performance of the lifesaver agents; and columns 8-10 contain the models resulting
from these observations (we have listed only the mean of the observed performance).

The first two rows in Table 1 (for time 7)) contain the initial conditions of the
collaboration. Columns 8-10 contain the initial values of the models maintained by A
and As for the Internal Resources (rescue performance) of A;, A and As. These initial
values, which are not consistent with the real performance of the agents in question, are
also recorded as the first “observed” performance of A;, A and Asz. This is done to
model a behaviour whereby an agent’s initial “opinion” of the members of its team can
be influenced, but not immediately replaced, by observations of their performance.

According to the models maintained by A; and As, A3 has the best performance.
Hence, Aj is selected by both A; and As when a rescue is announced at time 77.
However, as expected from the IR of Ag, the agent’s actual performance (0.4 at time 77,
Column 7) is poorer than that anticipated by the observer agents. Both agents observe
this performance, and update their models accordingly (Column 10).

Now, when a new rescue must be performed (at time 73), agent A; proposes As,
as it is still the best according to its models, but agent A, proposes A;. As indicated
above, according to our tie-breaking rule, the first agent in the ordered list of agents is
chosen. This is A, as it appears in the list before A3. However, A; does not perform
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Table 1. Sample agent assignment to a sequence of rescues

Time|Observer|| Proposed | Selected || Observed performance of Models

agent agent agent Aq Ao Az M (A1)|M(A2)|M(As)

To A 03 |04 0.5 0.3 0.4 0.5

Az 0.6 0.5 0.7 0.6 0.5 0.7
Ty A As As 03 |04 0.50.4 0.3 0.4 0.45
Az As 0.6 0.5 0.7 0.4 0.6 0.5 0.55
T A As A 0.3 0.3/0.4 0.50.4 0.3 0.4 0.45
Ao A 0.6 0.3/0.5 0.7 0.4 045 0.5 0.55
T3 A As As 0.3 0.3/0.4 050402 03 0.4 0.37
Az As 0.6 0.3/0.5 0.7 0.4 0.2 0.45’ 0.5 0.43
T A Ap A 0.30.3/0.40.8 (050402 0.3 0.6 0.37
Ao Ao 0.60.3/0.50.8 [0.70.40.2 0,45’ 0.65| 0.43
Ts A Ap Ap 0.30.3/0.40.80.7/0.50.40.2|| 0.3 0.63] 0.37
Ao Ao 0.6 0.310.5 0.8 0.7/0.7 0.4 0.2 0,45’ 0.67) 0.43

well in the rescue (0.3 at time 75, Column 5), which significantly lowers M 4, (A1) to
0.45 (Column 8). As aresult, A3 is once more the top choice of both observer agents for
the next rescue (at time 73). But A3 performs quite badly (0.2 at time 73, Column 7),
thereby further lowering its expected performance according to the models maintained
by the observers (Column 10).

At this stage, the bad performance of both A; and A3 has yielded models with low
mean values for these agents. Hence, for the next rescue, As is chosen by both observer
agents (at time 7}). This is a high-performing agent that has been under-estimated by
both observers. Its good performance (0.8 at time 7}, Column 6) raises the expected
value in the models maintained by both observers (Column 9). As a result, A, who is
now clearly preferred by both observers, is chosen for the rescue at time 75, rendering
once more a good performance (0.7 at time 75, Column 6).

At this point, the models maintained by the observer agents are closer to the IR
of the lifesavers than the initial (random) models. Since both observer agents have an
observation capacity of three observations, the next time a rescue is performed, the
initial value will be dropped, which will further increase the accuracy of the models.

3 Simulation-Based Evaluation

We evaluated our extensions of the ETAPP framework by means of simulation experi-
ments which assess the impact of the following parameters on task performance: (1) In-
ternal Resources, (2) Observation Capacity, and (3) Agent-Selection Policy. The same
model-updating procedure was used in all our experiments (when OC=1, this proce-
dure reverts to that used in our original framework). Our simulation is based on the Surf
Rescue (SR) scenario introduced in Section 2.2, where the task is to rescue a person in
distress. However, in our simulation the team of lifesavers is composed of five agents.

3.1 Simulation Parameters

The parameters corresponding to our extensions were varied as follows.

— Internal Resources — We defined teams of agents with different degrees of stabil-
ity: Invariant, Stable, Medium, Unstable and Mixed. The agents in Invariant teams
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exhibit the same performance in all the rescues. Agents in Stable teams exhibit low
performance variability — the standard deviation of their performance distribution
ranges between O and 0.2. The standard deviation for the performance of agents
in Medium teams ranges between 0.2 and 0.8, and for agents in Unstable teams
between 0.8 and 1. The Mixed team includes a mixture of stable, medium and un-
stable agents. The mean of the performance distribution is randomly initialized for
the agents in all types of teams. In the future, we propose to conduct experiments
with high-performing, medium-performing and low-performing teams.

— Observation Capacity — We varied the OC of the agents between 1 and 8. When
OC=i, agents retain the last ¢ observations made, and when OC=1, their observation
capacity is as for the original ETAPP framework.

— Agent Selection Policy — We experimented with the two policies mentioned in
Section 2.1: optimistic and majority.

In addition, we constructed two benchmark collaboration settings: RAND and OMNI.

— The RAND (or random) setting defines a lower bound, where a rescue is conducted
by an agent that has been chosen randomly from the team. In this setting, agents do
not maintain or update models of their collaborators’ resources, and do not commu-
nicate proposals.

— The OMNI (or omniscient) setting defines an upper bound, where the best-
performing agent in the team is always assigned to a rescue. This setting is consistent
with the traditional assumption of multi-agent systems whereby agents have accu-
rate knowledge about the performance of team members prior to the collaboration
(i.e., Ma,(Aj) = IRy, fori,j = 1,...,m). In this setting, all agents have the same
accurate models, and hence do not update their models or communicate proposals.

3.2  Methodology

We ran one simulation for each combination of the simulation parameters (IR x OC x
Pa=5x8x2=80), plus one simulation for each of the benchmark settings, RAND and
OMNI. Each simulation consists of ten trials, each divided into 1000 runs (we selected
this number of trials and runs because it yields stable and continuous behaviour pat-
terns). Each run consists of a rescue task that is repeated until convergence is reached.

The IR and M for each agent are initialized at the beginning of each run. IR are
initialized as specified by the type of the team (e.g., Stable or Unstable), and M are
initialized with random values.! The IR of each agent remain constant throughout a run
(the agent’s performance is drawn from the distribution specified in the IR), while M
are updated from the observations made for each rescue in the run.

The process for reaching convergence works as follows. At the beginning of a run,
different lifesavers may be proposed for a rescue task due to the discrepancy between

"' We also conducted experiments where all the models are initialized with a value of 0.5
(medium expected performance), and with a value of 1.0 (high expected performance). The
overall results are similar to those obtained with the randomly initialized models, except for
the Invariant and Stable group of agents and the 0.5 initialization, which yield a worse average
performance. This is because a run terminates when the chosen agent’s performance is repeat-
edly better than 0.5, and so other agents who may be better are not given a chance, thereby
converging to a local maximum (Section 3.3).
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Fig. 1. Average task performance obtained with the optimistic and the majority agent-selection
policy plotted against observation capacity for several types of teams

the models maintained by the different agents. After each rescue, the agents update
their models based on the performance of the chosen agent. Hence, when a rescue task
is announced in the next turn, more agents are likely to propose the same lifesaver (but
not necessarily the lifesaver chosen for the previous task). A run is terminated when the
same lifesaver is chosen in IV consecutive turns (we have experimented with N =2 and
N =05; the results presented in Section 3.3 are for NV =5).

3.3 Results

The results of our experiments are shown in Figure 1, which depicts the average task
performance obtained with our two selection policies as a function of OC for our seven
types of teams — RAND, OMNI, Invariant, Stable, Medium, Unstable and Mixed. Fig-
ure 1(a) shows the results obtained with the optimistic policy, and Figure 1(b) shows
the results for the majority policy.

Our measure of task performance for a run is the mean of the IR distribution for
the agent on which the observers eventually converged. For instance, in the example in
Table 1, this agent is Ay, whose I R 4, (rescue) has mean 0.8 (STDV=0.3). This measure
reflects the final outcome of the combination of the parameters of the simulation for the
run in question.

As expected, the results for the RAND and OMNI settings correspond to the worst
and best performance respectively, and are used as a benchmark for comparison with
the other settings. The performance for the Invariant team is slightly lower than that for
the OMNI setting. This is due to the fact that the Invariant team sometimes converges
to a local maximum, which is reached when the agents in the team repeatedly select an
agent that is not the best. This happens when the agents under-estimate the performance
of the best agent to the extent that it will never be proposed by any agent in the group,
and hence will never perform the task. These results are consistent with the results
obtained for the RAND, OMNI and default scenarios in our previous work [4].

As seen in Figure 1, the average performance obtained for the other types of teams
is generally worse than that obtained for the Invariant team. This is due to the higher
variability in agent performance. In fact, the more unstable the agents in the team are,
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the worse the performance becomes. We posit that the main reason for this outcome
is that the observing agents are unable to build reliable models when team members
exhibit unstable performance.

The optimistic policy yields a substantially better performance for the Invariant and
Stable teams than the majority policy, and it yields a slightly better performance for the
Medium and Mixed teams than the majority policy (these results are significant with
p=0.01). This is because if we assume that agents are honest and helpful (i.e., they
always make the best proposal according to their models, and select the best of the
proposals communicated by team members), the optimistic policy is similar to a global
optimization, where the agent that appears to be the best overall is selected. In contrast,
the majority policy yields the most popular agent, which may not be the best overall.

Task performance improves for Medium and Mixed teams when agents are able
to remember observations of the performance of team members. This improvement is
larger for the optimistic selection policy than for the majority policy (these results are
significant with p=0.01). Further, this improvement is achieved with only 3 observa-
tions for the optimistic policy, and with 5 observations for the majority policy. This
discrepancy may be caused by the need for additional “evidence” in order to get several
agents to prefer the same agent, as required by the majority policy.

Finally, the performance of Unstable teams is not affected by the agent-selection
policy or the agents’ observation capacity, as the agents in these teams exhibit too much
performance variation for the observer agents to reach reliable conclusions.

4 Related Research

Several research projects have demonstrated that maintaining models of features of col-
laborators can benefit different aspects of task performance [6, 3, 7].2

Suryadi and Gmytrasiewicz [6] and Gmytrasiewicz and Durfee [3] investigated
agents that apply a decision-theoretic procedure to make decisions that maximize their
own individual payoffs. This procedure takes into account the “payoff matrix” of col-
laborators, which in turn is learned from observations of their behaviour. Our system
also learns the behaviour of other agents from observations (although we learn only
the mean and standard deviation of their performance). However, whereas Suryadi and
Gmytrasiewicz’s agents make individual decisions and do not communicate with each
other, our agents communicate proposals in order to make a joint decision. Vassileva
et al. developed I-Help [7], which is a large scale multi-agent system that provides stu-
dents with distributed help resources. Personal agents represent students’ personal pref-
erences. Matchmaker agents collect this information from personal agents, and match
students that require help in a certain topic with students that are able to provide help.
The incorporation of our model-update mechanism into the models maintained by the
matchmaker agents would increase the accuracy of these models, and hence improve
their usefulness for help-seeking students.

Our OC parameter is similar to the attentional limitations considered by Walker [8],
and is related to the memory boundedness investigated by Rubinstein [5]. However,

% Garrido et al. [2] and Suryadi and Gmytrasiewicz [6] provide an overview of research on
modeling other agents.
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both Walker and Rubinstein also considered inferential limitations, while we consider
agent-modeling limitations.

Finally, our agents’ ability to build models of agents from observations resembles
the work of Davison and Hirsh [1]. Their model gave greater weight to more recent
events than to earlier events, while we achieve a similar behaviour through our OC
parameter, which specifies that only the last /i observations should be considered.

5 Conclusion

We have extended our ETAPP collaboration framework to model team members that
exhibit variable performance. This requires a probabilistic representation of agent per-
formance, the specification of the number of observations retained by observer agents,
and a procedure for building agent models from these observations. In addition, we have
offered the majority policy for assigning agents to tasks, and compared its impact on
task performance with the impact of the optimistic policy.

We evaluated our extensions by means of a simulated rescue scenario, where we
varied the performance stability of teams of agents, the number of observations retained
by observer agents, and the policy used to allocate agents to tasks. Our results show that
performance variability has a large impact on task performance, that a small number of
observations of agent behaviour is sufficient to improve task performance, and that the
task performance obtained by applying the optimistic selection policy is at least as good
as that obtained with the majority policy.
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Abstract. Building a generalizable detector of student behavior within
intelligent tutoring systems presents two challenges: transferring between
different cohorts of students (who may develop idiosyncratic strategies of use),
and transferring between different tutor lessons (which may have considerable
variation in their interfaces, making cognitively equivalent behaviors appear
quite different within log files). In this paper, we present a machine-learned
detector which identifies students who are “gaming the system”, attempting to
complete problems with minimal cognitive effort, and determine that the
detector transfers successfully across student cohorts but less successfully
across tutor lessons.

1 Introduction and Prior Work

In the last couple of decades, there has been considerable work in creating educational
systems that adapt to their users — offering help and feedback targeted to a student’s
specific cognitive or motivational needs. However, just as educational systems can
adapt to their users, users can adapt to their educational systems, sometimes in ways
that lead to poorer learning [2,5]. For instance, students who game the system,
attempting to perform well in an educational task by systematically exploiting
properties and regularities in the system used to complete that task, rather than by
thinking about the material, learn less than other students [2]. Examples of gaming
include systematic guessing, and repeatedly requesting help until the system gives the
answer. It may be possible to substantially improve learning environments’
educational effectiveness by adapting to how students choose to use the learning
environment. In order to do this, we need to be able to detect when a student is
selecting strategies that lead to poorer learning.

In [1], we presented a Latent-Response Model [4] that accurately detected if a
student was gaming the system, within a specific tutor lesson, cross-validated across
students in 4 classes. This model distinguished “GAMED-HURT” students who
gamed the system in a fashion associated with poor learning both from students who
were never observed gaming, and from “GAMED-NOT-HURT” students who gamed
in a different fashion not associated with poor learning. The model did so by first
predicting whether each individual student action was an instance of gaming (using
tutor log files), and then aggregated these predictions to predict what proportion of
time each student was gaming (comparing the predicted proportions to data from
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classroom observations). The classifier’s ability to distinguish gaming was assessed
with A' values, which give the probability that if the model is given one gaming
student and one non-gaming student, it will accurately identify which is which [3].

A model in this framework consists of features selected from linear, quadratic, and
interaction effects on a set of 26 base features describing a student action (for
instance, what interface widget it involved and how long it took), and its historical
context (for instance, how many errors this student made on this skill in past
problems). The model presented here improves on the model reported in [1] in three
fashions: First, by adding two features to the set used in [1], in order to represent
asymptotic skills (which students on the whole either knew before starting the tutor,
or failed to learn while using the tutor). Second, by switching from using forward
selection to select model features to testing a set of search paths constrained by fast
correlation-based filtering [6] (in both cases, Leave One Out Cross Validation was
used to prevent over-fitting). Third, by switching from treating both types of gaming
as identical during training to training to detect just GAMED-HURT students,
considerably improving our model’s ability to distinguish between types of gaming,
AZ=6.57, p<0.01. After these changes, our model was significantly better than chance
at distinguishing GAMED-HURT students from non-gaming students (within the
original classroom cohort and lesson), A' =0.85, p<0.01, and at distinguishing
GAMED-HURT students from GAMED-NOT-HURT students, A' =0.96, p<0.01.

Though this detector is effective within a single population and tutor lesson, it will
be more useful if it can generalize across student populations and cognitive tutor
lessons (or even across types of interactive learning environments). There appear to
be multiple ways to game a given system, and we have observed students teaching
each other new strategies for gaming — therefore, different cohorts of students may
game differently. Similarly, different tutor lessons often have different patterns of
interaction, because of differences in subject matter. In this paper, we present work
towards detecting gaming in a fashion robust to differences between tutor lessons and
classroom cohorts, through analyzing how well a model trained on one population or
lesson transfers to other populations and lessons, and how the features that correlate
to gaming differ across data sets.

2 Detecting Gaming Across Classroom Cohorts

In this section, we discuss how well our detector transfers between our original
student cohort (termed the 2003 cohort) and a newly recruited cohort of students
(termed the 2004 cohort). At a surface level, the two cohorts were similar: both were
drawn from students in 8" and 9™ grade non-gifted/non special-needs cognitive tutor
classrooms in the same middle schools in the suburban Pittsburgh area. However, our
observations suggested that the two cohorts behaved differently. The 2004 cohort
gamed 88% more frequently than the 2003 cohort, t(175)=2.34, p=0.02, but a lower
proportion of the gaming students had poor learning, Xz(l, N=64)=6.01, p=0.01. This
data does not directly tell us whether gaming was different in kind between the two
populations — however, if gaming differs substantially in kind between populations,
two populations as different as these are likely to manifest such differences, and thus
these populations provide us with an opportunity to test whether our gaming detector
is robust to differences between distinct cohorts of students.
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Table 1. Our model’s ability to transfer between student cohorts. Boldface signifies both that a
model is statistically significantly better within training cohort than within transfer cohort, and
that the model is significantly better than the model trained on both cohorts '

Training | G-H vs no game, G-H vsno game, |G-H vs G-N- G-Hvs G-N-H,

Cohort 2003 cohort 2004 cohort H, 2004 cohort
2003 cohort

2003 0.85 0.76 0.96 0.69%

2004 0.77 0.92 0.75 0.94

Both | 0.8 08 | 0.8 085

The most direct way to evaluate transfer across populations is to see how
successfully the best-fit model for each cohort of students fits to the other cohort. As
shown in Table 1, a model trained on either cohort could be transferred as-is to the
other cohort, without any re-fitting, and perform significantly better than chance at
detecting GAMED-HURT students (marginally significantly better at distinguishing
them from GAMED-NOT-HURT students in the 2004 cohort; significantly better in
all other comparisons). However, in 3 of the 4 comparisons, the models were
statistically significantly better in the student population within which they were
trained than when they were transferred to the other population of students.

It was also possible to train a model, using the data from both student cohorts,
which achieved a good fit to both data sets, shown in Table 1. This model was
significantly better than chance in all 4 comparisons conducted. However, models
trained in single cohorts did better than the unified model, in 3 of the 4 comparisons.

3 Detecting Gaming Across Tutor Lessons

In this section, we discuss how well our detector transfers between two tutor lessons,
within a single student population. One lesson (the ‘“scatterplot” lesson) involved
creating and interpreting scatterplots of data; the other lesson (the “geometry” lesson)
involved computing the surface area of 3D solids. Both lessons were drawn from the
same middle-school mathematics curriculum and were designed using the same
general pedagogical principles, although the scatterplot lesson had a greater variety of
widgets and a more linear solution path. Our observers did not notice substantial
differences between the types of gaming they observed in these two lessons. Overall,
the same students gamed between lessons — a student’s frequency of gaming was also
correlated across lessons, r=0.22, p=0.02.

The most direct way to evaluate transfer across lessons is to see how successfully
the best-fit model for each tutor lesson fits to the other tutor lesson. As shown in
Table 2, the results were poor. Though both models were significantly better than

! All numbers are A' values. Italics denote a model which is statistically significantly better
than chance (p<0.05); asterisks (*) denote marginal significance (p<0.10).
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Table 2. Models trained on the scatterplot lesson, the geometry lesson, and both lessons
together. All models trained using only the 2004 students.' Boldface denotes the model(s)
which are statistically significantly best in a given category

Training G-H vs no game, G-H vs no game, | G-H vs G-N-H, G-H vs G-N-H,
Lesson SCATTERPLOT GEOMETRY SCATTERPLOT GEOMETRY
SCATTERPLOT | 0.92 0.55 0.94 0.63
GEOMETRY 0.53 0.80 0.41 0.90

BOTH | 0.82 077 | 070« 0.8

chance within the training lesson, neither model was significantly better than chance
when transferred to the other lesson. It was possible to train a model, using both data
sets, which achieved a good fit to both data sets, as shown in Table 2. This model was
significantly better than chance on 3 of 4 measures (and was marginally significant on
the fourth); however, on 2 of 4 measures it was statistically significantly worse than a
model trained on one lesson alone. But while this unified model performed well in the
units it was trained in, it transferred very poorly to the 2003 cohort of students using
the scatterplot tutor, only reaching A'=0.54,p=0.77 (G-H versus non-gaming) and
A'=0.54,p=0.78 (G-H versus G-N-H). This result is surprising, considering that a
model trained just on the 2004 cohort using the scatterplot tutor was quite effective at
detecting gaming within the 2003 cohort (see Table 1). Hence, although we can
develop a unified model at this point, our modeling approach has not yet delivered a
unified model which transfers across lessons in a generalizable fashion.

But why not? The difference in gaming between these lessons is small enough that
our observers did not notice a qualitative difference in gaming between them.
Additionally, the top candidate features considered for each lesson (which are highly
correlated to gaming but not to each other) appear conceptually similar (see Table 3).
In both sets, gaming corresponds to errors and repeated quick actions. However, the
top 6 features for scatterplots averaged an unimpressive correlation of 0.06 to gaming
in the geometry data set, and the top 6 features for geometry averaged a correlation of
0.09 to gaming in the scatterplot data set, suggesting that the difficulty in transferring
between models is not just an artifact of the specific features chosen during model
selection. It is possible that the overall strategic choice underlying gaming is
consistent across the two lessons, but that the interface and pedagogical differences
between the two lessons may be causing our models to differ considerably at the
detailed grain size our approach relies upon to make predictions.

Table 3. Top 3 non-intercorrelated GAMED-HURT features in each lesson (2004 data)

SCATTERPLOT

GEOMETRY

1) Several quick actions in a row

2) A high percentage of errors on skills that
involve popup menus (ie multiple choice)

1) Requesting help several actions in a row on
skills the student has a history of getting
wrong

3) Quick actions on problem steps that need a
numerical answer

2) Several very brief help requests in quick
succession

3) Several very quick errors in succession
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4 Discussion and Conclusions

In this paper, we have presented a system that detects when a student is gaming the
system. This system transfers successfully across cohorts of students. However, the
same detector can not, at this point, transfer without re-training to different tutor
lessons. Furthermore, training data from two lessons together does not produce a
model which can transfer across student cohorts. Despite this, detectors for different
lessons are detecting qualitatively similar behavior. One approach would be use our
knowledge of what actions are gaming in different lessons to develop a system that
maps from a tutor interface to gaming actions. However, given that our approach can
train successful models for fairly different tutor lessons, it may not actually be
necessary to make individual models that can generalize across lessons. For example,
if the detector is deployed in a year-long curriculum, it may be possible to develop
interventions which guide students to stop gaming, where the effect s maintained even
after the intervention is no longer present. In this event, we would only need to detect
gaming in a few lessons during the course of a curriculum, and could train a detector
for each of those lessons. This approach would not afford rapidly extending our
detector to new curricula, but may still be quite effective in improving student
learning. Regardless, a gaming detector such as ours will only be useful if combined
with an intervention that persuades students to change how they use the tutor. If the
tutor responds to gaming in a fashion that gives students an incentive to learn how to
game the gaming detector, the gaming detector will quickly become ineffective.
Systems that detect intentional mis-use must adapt in a fashion that makes it in the
student’s interest to use the software appropriately.
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Abstract. This paper describes the process by which we constructed a
user model for ERST - an External Representation Selection
Tutor - which recommends external representations (ERs) for particular
database query task types based upon individual preferences, in order to
enhance ER reasoning performance. The user model is based on exper-
imental studies which examined the effect of background knowledge of
ERs upon performance and preferences over different types of tasks.

1 Introduction

Successful use of external representations (ERs) depends upon skillful matching
of a particular representation with the demands of the task. [2] and [4] provide
numerous examples of how a good fit between a task’s demands and particular
representations can facilitate search and read-off of information. [5] provides
a review of studies that show that tasks involving perceiving relationships in
data or making associations are best supported by graphs, whereas ‘point value’
read-off is better facilitated by tabular representations. But people differ in their
representational expertise and in their individual ER preferences for particular
task types.

We describe the development of a user model for ERST - an External Rep-
resentation Selection Tutor. This has been constructed on the basis of empirical
data gathered from two psychological experiments. The study reported earlier
in [3] investigated the representation selection and reasoning behaviour of par-
ticipants who were offered a choice of information-equivalent data representa-
tions (e.g. tables, bar charts, etc.) upon various types of database query tasks.
Following that earlier study, the aim of the experiment reported here was to in-
vestigate the degree to which task types are more representation-specific! than
others, with respect to reasoning performance and response latency. For both
experiments, a prototype automatic information visualization engine (AIVE)
was used to present a series of questions about the information in a database.
The results of the experiments indicated that ERST needs to take into account

1 These are tasks for which only a few, specialised, representational forms are useful.
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a) individual differences (like user’s ER preferences), b) their level of experi-
ence and c) the domain task characteristics, in order to provide effective ERs
that reflect individual needs and therefore enhance ER reasoning performance.
A Bayesian network for ERST has been constructed based on the experimental
results.

2 Experiment

The aim of the study reported here was to investigate the degree to which
some task types are more representation-specific than others in terms of rea-
soning performance and response latency. We were interested to discover what
task types can be answered successfully with a variety of different representa-
tions and which tasks were more constrained in terms of useful representations.
We define representation-specificity as follows: For highly representation-specific
tasks only a few, specialised, representational forms are useful. Whereas for low
representation-specific tasks a range of different types of representations can be
used successfully to solve the problem.

This study builds on previous work [3] in the following ways: The AIVE
system has been changed from a Java Applet to a stand alone Java Application
in order to produce more accurate timing data?. The system has been extended
with a new set of more representation-specific critical task types. We also employ
a new approach to the assessment of subjects ‘graphical literacy’ [1].

Our hypotheses were, that different degrees of representation-specific tasks
types influence participants’ performance on a) their ER selection skill; b) time
to answer the database query (latency); and c) the correctness of their response
on the database query task.

Procedure

Twenty participants were recruited (5 software engineers, 1 graphic designer, 1
html programmer, 2 I'T business managers, 7 postgraduate students, and 4 re-
search officers/fellows). Each participant completed 4 pre-experimental ER tasks
followed by the AIVE database query problem solving session.

The ER pre-tasks [1] assessed the visual recognition of particular ERs re-
quiring real/fake decisions, ER categorisation, functional knowledge of ERs, and
specific naming. This represents an information processing approach to the as-
sessment of ‘graphical literacy’ [1] and these ER tasks were employed as pre-tests
of ER knowledge. Participants then performed the AIVE database query tasks
using the same procedure as that used in [3]. Participants were asked to make
judgments and comparisons between cars and car features based on database
information. The database contained information about 10 cars: manufacturer,
model, CO? emission, engine size, etc. Each subject responded to 30 database
questions, of which there were 6 types: identify; correlate ; quantifier-set; locate;

2 The timing data in the previous experiment lacked precision because of time delays
caused by the internet connection.
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cluster; compare negative. Participants were informed that to help them answer
the questions, the system (AIVE) would supply the appropriate data from the
database. AIVE also offered participants a choice of representations of the data.
They could choose between various types of ERs, eg. set diagram, scatter plot,
bar chart, sector graph, pie chart and table (the full range of representations
were offered by the system on all queries). The options were presented in the
form of an array of buttons each with an icon depicting - in stylised form - an
ER type (table, scatterplot etc). Participants were told that they were free to
choose any ER, but that they should select a form of display they thought was
most likely to be helpful for answering the question. Participants then proceeded
to the first question, read it and selected a representation. The spatial layout of
the representation selection buttons was randomized across the 30 query tasks in
order to prevent participants from developing a set pattern of selection. Based
on the literature (eg.[2]) a single ‘optimal’ ER for each task was identified®.
After the participant made his/her representation choice, AIVE generated and
displayed the representation instantiated with the data required for answering
the question. Participants then answered the question using the chosen display.
Participants were not permitted to select a different representation following
their initial selection. This constraint was imposed in order to encourage partic-
ipants to carefully consider which representation was best matched to the task.
Following a completed response, participants were presented with the next task
and the sequence was repeated. The following data were recorded: (1) the ran-
domized position of each representation icon from trial to trial; (2) the user’s
representation choices; (3) time to read question and select representation; (4)
time to answer the question using chosen ER; and (5) participants’ responses to
questions.

Results and Discussion

To recapitulate, each of 20 subjects performed 30 AIVE tasks (600 data points
in total). The simple bivariate correlations across all AIVE tasks for display se-
lection accuracy (DSA), database query answering accuracy (DBQA), display
selection latency (DSL) and database query answering latency (DBQL) were:
DSA correlated significantly and positively with DBQA (r=.30 , p<.01); DSA is
significantly negatively correlated with DSL (r=.-17, p<.01); DSA and DBQL
are significantly negatively correlated (r=-.32, p<.01); There is a significant neg-
ative correlation between DBQA and DBQL (r=-.28, p<.01); DSL and DBQL
are significantly positively correlated (r=.30, p<.01). The results across all AIVE
task types show that good display-type selection will lead to better query an-
swering performance. The selection latency results show that a speedy selection
of a display type in AIVE is associated with a good display-type choice. Less
time spent responding to the database query question is associated with a good

3 However, each AIVE query type could potentially be answered with any of the repre-
sentations offered by the system with the exception of quantifier-set tasks for which
the only real effective representation was a set diagram.
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Fig. 1. AIVE task type performance

display-type choice and correct query response. This suggests that the selection
and database query latencies may be used in ERST as predictors of users’ DSA
and DBQA performance. Looking at the different task types, these results differ
extensively in terms of representational specificity. As shown in figure 1, 77% of
AIVE correlate type queries were answered correctly by participants. Moreover,
in 77% of the cases they chose the most appropriate ER display (scatter plot)
from the array of display types offered by AIVE. The correlation coefficients for
AIVES’ correlate tasks were: DSA and DBQA are significantly positively cor-
related (r=.67 , p<.01); DSL and DBQL are significantly positively correlated
(r=.56, p<.01). The results suggest that good display-type selection is associated
with accurate query answering performance. Longer display selection latency is
associated with longer time spent responding to the database query question.
Hence there does not seem to a be a speed/accuracy trade-off in display selec-
tion - participants either know which ER to choose and get on with the task, or
they don’t. In contrast, the locate task could be answered effective with different
kinds of data displays. Overall, subjects locate task queries were answered with
a high degree of accuracy (94%). However, in only in 51% cases did participants
choose the ‘right’ representation (table or matrix ER). A range of other AIVE
display forms were also effective (bar and pie charts, scatterplots). No significant
correlations between AIVEs variables were detected. The results show that the
correlate task is more representation-specific than the locate task. Therefore in
order to predict DSA and DBQA performance ERST needs to include a variety
of tasks that differ in terms of their representational specificity.

3 ERST’s Bayesian Network

ERST’s user model needs to track selection accuracy and database query an-
swering performance for various display and response accuracy relationships
within and across the various database query task types. ERST will need to
be more stringent in its interventions on highly representationally-specific task
types such as correlate tasks but will be able to be more lenient on more display-
heterogeneous tasks. Various machine learning techniques differ in the advan-
tages and disadvantages they have for particular applications. They also differ
in terms of the user data need for the adaptation process. According to our exper-
imental findings, the most appropriate implementation for ERST’s user model
is a Bayesian network. The network is being constructed and ‘seeded’ with the
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Task type

Fig. 2. ERSTs’ Bayesian network

empirical data so that it can monitor and predict users’ ER selection prefer-
ence patterns within and across query types, relate query response accuracy
and latencies to particular display selections (DS) and contrive query/display
option combinations to probe an individual user’s degree of graphical liter-
acy. The structure of the Bayesian network based on the experimental data
can be seen in Figure 2. For example the arc between DSA and DBQL rep-
resents the association that good display selection results in better query per-
formance and the link between DSL and DSA represents the finding that a
speedy selection of a display type in AIVE is associated with a good display-
type choice.

The empirical data is used to instantiate values in the relevant conditional
probability tables (CPTs) at each node of the model.

4 Conclusion and Future Work

In this paper we described our process of constructing a Bayesian network
for modelling user’s ER preferences, based on experimental data. The aim of
this model is to provide effective ERs that reflect individual needs and there-
fore enhance ER reasoning performance. The resulting Bayesian network struc-
ture is based on empirical findings and the gathered data is reflected in the
CPTs. The next step in our research will focus on ERST’s adaptation deci-
sions. For example, when and how to recommend ERs and the manner in which
ERST utilises data from new users. The user model will need to be evaluated
through user studies and will be iteratively refined. We also plan to investigate
how well ERST is able to accommodate individual differences in ER selection
preference.
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Abstract. People with severe motor disabilities use mainly their residual motor
capability for the use of technical aids, and for the control of input devices to
technical aids. This paper describes our work on characterizing the motor capa-
bility of the upper arm for patients with severe motor disabilities. This work is
a continuation of a project aimed at modeling the arm posture of quadriplegic
patients using STS (Spatial Tracking System) and at analyzing the compensatory
strategies developed by hemiplegic patients while accessing physical interfaces
for technical aids [5]. Here we report work undertaken for analyzing the posture
of the hand: we have developed two calibration methods for the Cyberglove and
compare their utility and ergonomics in applications on patients with motor dis-
abilities. The first type of calibration proceeds sequentially and takes into account
one joint after the other (of the hand and each digit), whereas the second proce-
dure is based on a few key postures calibrating several joints at once. To compare
the precision of both methods, four healthy subjects participated in experiments
using the Cyberglove. We show that the first type of calibration is more accurate
but takes longer, whereas the second is less accurate but shorter. This trade-off
might be acceptable for assessing the manual workspace in patients with mo-
tor disabilities. In particular, excessive muscular fatigue and limited dexterity are
decisive factors for choosing the calibration by key postures in patients. We ap-
plied the calibration by key postures to three myopathic patients and individually
quantified their restricted manual working space.

1 Introduction

In order to evaluate the behavioral characteristics of users while they access different
input devices, we have designed a quantitative methodology based on a newly devel-
oped software. We evaluate the use of different computer interfaces such as a mouse, a
trackball, a joystick, etc, in order to determine the most suitable input device for each
user. [1]. However to measure the motor capabilities when acting on different human-
machine interfaces and to characterize the work-space, a 3D representation of the upper
limb is necessary. We modeled the shoulder, arm and wrist with the use of the STS
Spatial Tracking System, [5],[6]. However, because the hand was not represented in our
model, the 3D representation of the upper limb remained incomplete and therefore, we
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were not able to quantify the dexterity of the hand. Subsequently, we wanted to develop
a complementary measurement system to study the manual dexterity, grip formation
and digit movements, which would enable us to quantitatively model manual gestures
used during human-machine interaction. In order to analyze and model hand postures
and grip configurations, we opted for the use of the CyberGlove.

2  Calibration Method

The CyberGlove (Virtual Technologies, Palo Alto, CA) is a numerical single-sized
glove which allows the measurement of up to 22 joint angles of the hand including
the wrist. The torsion of the piezo-electric sensor generates an associated electrical sig-
nal, that is called Raw Value after digital acquisition. To obtain the relationship between
the raw sensor data and the actual joint angle (in degrees), a conversion factor gain and
a constant term offset need to be determined for each sensor. Once both variables of cal-
ibration (gain and offset) are determined, the joint angle is calculated by equation (1).
This procedure is called calibration of the CyberGlove [4].

Angle = gain x (RawValue — of fset) (1)

To calculate gain and offset in equation (1), we need two different angles, anglel and
angle2. The relevant formulea are:

gain = (anglel — angle2)/(RawValuel — RawV alue2) 2)
of fset = RawValuel — (anglel/gain) 3)

For our purposes, we assumed that wrist-related sensors (Palm Arch and Wrist Flexion
sensor) would not provide significant information and would not be needed, since sim-
ilar, redundant information is provided by the STS sensors. Usually, the calibration is
performed by using key postures [3],[2], however, this depends on the purpose of the
CyberGlove measurements. For our work, we have developed two calibration strategies:
first a method based on single joint measurements ('detailed’ calibration) and second a
method based on predefined postures.

2.1  Calibration by Single-Joint Measurements

This method consists in calibrating each sensor on its own. For that the subject must
hold two different and predefined angles for each articulation, which allows us to calcu-
late the corresponding gain and offset. This procedure is sequentially applied for each
of the 20 sensors.

2.2 Calibration by Key Postures

The use of 6 different key postures allows us to determine two different angles for all
glove sensors (to resolve the equation (2) and (3)). We propose the following 6 postures
(figurel):

Posture 1 corresponds to an angle of O for all glove sensors.

Posture 2 defines the angles for the thumb sensors: thumb roll sensor (90), metacarpal
(45) and proximal (90) sensor.



Modeling of the Residual Capability for People with Severe Motor Disabilities 233
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Posture 1 Posture 2 | Posture 3| Posture 4 |[Posture 5|  Posture 6

Fig. 1. The 6 proposed key postures

Posture 3 defines an angle of 90 for all metacarpal sensors except for the thumb.
Posture 4 defines an angle of 90 for all proximal sensors except for the thumb.

Posture 5 defines an angle of 90 for all distal sensors except for the thumb.

For posture 6, the hand is placed on a pre-drawn diagram that indicates the abduction
angles of 10 between the little and ring finger, between the ring and middle finger,
between the middle and index finger, and an angle of 45 for the Thumb-Index abduction,
as well as 150 for the Wrist abduction.

3  Experimentation and Results

The goal was to assess the accuracy of two different calibration procedures and to quan-
tify the work-space of the hand for patients with spinal cord injury or with muscular
dystrophy by using the CyberGlove system.

3.1  Calibration in Health Subjects

First, we compared the accuracy of the calibration methods in 4 healthy subjects. For
each subject, we calibrated the glove with both methods. The average time for the cal-
ibration by single-joint measurements was 10 minutes and demanded over 40 different
postures. Calibration by the 6 key postures demanded less than 5 min. Then a particular
posture with a predefined angular configuration of the hand was recorded. The results
indicated that the joint-by-joint calibration is more accurate with deviations of about 5
or less degrees, whereas the calibration by key postures often shows errors larger than
5 degrees. However, the calibration by key postures may still be of sufficient accuracy
for applications in the field of rehabilitation and ergonomics.

3.2  Application in Subjects with Motor Disabilities

We applied the CyberGlove system to 3 adult patients with severe motor disabilities.
Two patients suffer from muscular dystrophy, the first (Ul), male, 28 years of age,
shows very little voluntary digit movements, except for small movements of the thumb
and of the index. For obtaining the calibrations, Ul was actively assisted by the ex-
perimenter, who moved and held the joints passively. The second patient (U2), male,
25 years of age, suffers from Duchenne muscular dystrophy where the digits are only
partially affected. Another patient (U3), male, 45 years of age, is affected by a degen-
erative neuromuscular disease provoking spasticity and tremor. In all three patients we
used the calibration by key postures, which took about 5 min. The joint-by-joint cali-
bration was impractical or simply impossible due to fatigue, limited dexterity, spasticity
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Fig. 2. Thumb and index finger joint rotations (in deg.) for movement 2 (flexion) in three patients
and a control subject

or insufficient muscular forces. We asked the patients to perform two hand movements:
i) Movement 1: starting from a relaxed initial position the subjects were asked to fully
extend all fingers. ii) Movement 2: starting from a relaxed initial position the subjects
were asked to fully flex digits II-V at the distal, proximal and metacarpal joints. For
the thumb, the final posture corresponded to about a joint angle of 90 for Thumb roll
and the proximal thumb joint, and about 45 for the thumb metacarpal joint. We com-
pared the observed movements of the patients to those of a healthy control subject. The
time-varying joint angles of movement 2 (flexion) for the three patients and the con-
trol subject are depicted in (figure 2) TMPJ (Thumb metacarpal joint), TTR (Thumb
carpometacarpal rotation), IPIJ (Index proximal interphalangeal joint) and IMPJ (Index
metacarpal joint) angular values are represented.

The movement time of the control subject was about 0.5 s and three of the four
measured joint angles flexed simultaneously. Movement amplitude, depending on the
joint, varied between 40 and 100. In contrast, the movement time and amplitude in pa-
tients varied to a large degree: Patient U1, due to weak muscular strength, showed low-
amplitude movements, i.e. smaller than 35 for the proximal thumb metacarpal (TMPJ)
and index metacarpal (IMPJ) joints and even smaller for the thumb carpometacarpal
joint (TTR) and the index proximal interphalangeal joint (IP1J). Movement time was
prolonged (up to 4 s). Patient U2 showed almost normal movement amplitudes in index
metacarpal joint (IMPJ), but much more smaller amplitudes in the other three joints
(TMPJ, TTR and IMPJ). Movement time was about 1.5 s. Patient U3, showed close to
normal amplitudes, however, the timing among the different joints was very disparate
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and he was incapable of holding the final posture: this was due to his spasticity. In sum-
mary, these results provide a quantitative kinematic description of the reduced working
space in three patients.

4 Conclusion

This work attempts to study the grip formation and grip postures of people having se-
vere motor disabilities. We have used the CyberGlove system to do so. The adopted
calibration method and the obtained results suggest that the CyberGlove provides suf-
ficient kinematic parameters and sufficient accuracy to characterize the residual motor
capacity of patients with upper limb disabilities.

We first compared and validated our calibration method for the CyberGlove system
based on 6 key postures. These postures are simple and take a few minutes to perform,
however the accuracy is less than can be obtained with the more sophisticated joint-by-
joint calibration. We then applied the CyberGlove to three patients affected by muscular
dystrophy or neuro-muscular degenerative disease in order to calculated their residual
work-space (dexterity). Based on the time-varying rotations of the thumb and index
finger joints the work-space of the patients was characterized in terms of movement
kinematics. Compared to healthy control subjects, the residual work-space was very
limited and movement time was increased. However, in ergonomic terms, the routine
use of the CyberGlove in patients with severe motor disabilities seems limited. We
will explore other measurement systems such us Optotrak that employ active marker
technology to precisely measure rapid, complex motions in three-dimensional space[7].

References

1. Kadouche, R., Abdulrazak, B., Mokhtari, M.: Toward an evaluation methodology for com-
puter accessibility. IOS. Press, ICOST. Singapore (2004) 49-56

2. Kessler, G.D., Hodges, L.F., Walker, N.: Evaluation of the CyberGlove as a whole-hand input
device. Vol 2. Issue 4. ACM (TOCHI). New York. (1995) 263-283

3. Maciel, A., Sarni, S., Buchwalder, O., Boulic, R., Thalmann, D.: Multi-Finger Haptic Render-
ing of Deformable Objects. EGVE (2004 )

4. Rabinowitz, P.:4. Griffin, W.B., Findley, R.P., Turner, M.L., Cutkosky, M.R.: Calibration and
Mapping of a Human Hand for Dexterous Telemanipulation. ASME IMECE (2000)

5. Roby-Brami, A., Bennis, N., Mokhtari, M., Baraduc, P.: Hand orientation for grasping de-
pends on the direction of the reaching movement. Brain. Res. 869 (2000)121-9

6. Roby-Brami, A., Laffont, 1., Mokhtari, M., Heidmann, J.: Compensation des incapacités du
membre supérieur du sujet tétraplégique. Entretiens de I’ Institut Garches. Paris. (2001)

7. http://www.ndigital.com/



Non-intrusive User Modeling for a Multimedia Museum
Visitors Guide System

Tsvi Kuﬂikl, Charles Callawayz, Dina Goren-Barz, Cesare Rocchiz,
Oliviero Stockz, and Massimo Zancanaro’

' MIS Department, University

2 ITC-irst, via Sommarive 18, 38050 Povo, Italy
{kuflik, callaway, gorenbar, rocchi, stock, zancana}@itc.it

Abstract. A personalized multimedia museum visitor's guide system may be a
valuable tool for improving user satisfaction in a museum visit. Personalization
poses challenges to user modeling in the museum environment, especially when
several different applications are supported by the same user model, where it is
required to operate in a non-intrusive manner. This work presents the PEACH
experience of non-intrusive user modeling supporting online dynamic multime-
dia presentation production and additional applications such as visit summary
report generation.

1 Introduction

A museum visit is a personal experience encompassing both cognitive aspects (such
as the elaboration of background and new knowledge) and emotional aspects, which
may include the satisfaction of interests or the fascination with the exhibit itself. De-
spite the inherently stimulating environment they create, cultural heritage institutions
often fall short of successfully supporting conceptual learning, inquiry-skill-building,
analytic experiences or follow-up activities at home or at school [7]. The value of
multimedia for a museum mobile guide is discussed in [4] with an extended user
study conducted at Modern Tate in 2002. Yet the optimal multimedia tourist guide
should support strong personalization of all the information provided in a museum, in
an effort to ensure that each visitor can accommodate and interpret the visit according
to his or her own pace and interests. Simultaneously, a museum guide should also
provide the appropriate drive to foster learning and self-development so as to create a
richer and more meaningful experience.

In the context of the PEACH' project, we are building and evaluating a number of
prototypes aimed at providing the visitor with a personalized experience. Common to
all these prototypes is a user model that gathers information about the visitor and
guides the adaptation of information presented to the user.

The PEACH museum visitors' guide consists of a Dynamic Presentation Composer
that generates personalized presentations seen by the user, detailed in [6] and currently a

! http://peach.itc.it. The PEACH project is funded by the Autonomous Province of Trento.
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Report Generator that generates a personalized visit summary for the visitor, as de-
tailed in [1]. Both components employ a common Domain Knowledge Base (KB) and
are supported by a Dynamic User Modeler (UM) for generating personal presenta-
tions for the visitor.

There are two unique challenging aspects for personalization in the context of the
PEACH project. The first challenge is that user modeling is required to be "non-
intrusive"; hence visitors are not required to provide any personal information and
user modeling is based solely on users' behavior. The second challenge is that user
modeling component needs to support different applications, with different require-
ments: the main one is online production of personalized presentations delivered to
the visitor during the visit; another is supporting a personalized visit summary report.

2 User Modeling Challenges in the PEACH Scenario

Non-Intrusive User Modeling means that the model is built solely by observing the
visitor’s behavior. The information that is available for modeling includes the se-
quence of visitor's positions (exhibits) and time spent at each position, presentations
presented to the user, and an enjoyment feedback from the user (the user is able to
respond to and rate the presentations delivered). This information then drives the
inference mechanism for assessing user interests.

Dynamic Presentation Generation requires a lot of personal and contextual infor-
mation: for example, spatial information (current user position and whether the user
has already been here, is in front of an artwork, or just near it), visitor interests with
respect to the current exhibits, discourse history (what particular presentations were
delivered to the visitor).

These attributes can be used in set of rules guiding the dynamic generation of per-
sonalized presentation for the user during her visits, as presented in [6]. In addition to
specific details regarding the current visit, which consist of the visitor's path through
the museum, presentations delivered and visitor's feedback, there is a need for a more
abstract representation of user interests to guide future generations of presentations.
Several works have dealt with adaptable guides. For instance in HIPS [4] work on
adaptation has included the classification of users’ patterns of movements in the
course of the visit. Here the situation is different: our UM must support dynamic
multimedia, including video generation, seamless presentations on mobile and sta-
tionary devices [5] and additional applications as discussed below.

Visit Summary Report Generation requires the consideration of various different
aspects; factual aspects of the visit (such as exhibits visited, the visit sequence, the
time spent at different locations, the presentations delivered to the visitor, and visitor's
actions), cognitive aspects related to the exhibitions (such as interest for themes,
pleasure, boredom etc), extra subject-centered aspects” (such as persons met, discus-
sions held and additional events that occurred), attention-grabbing elements and hints
for subsequent reading and visiting and the appearance of the report (combining text,
images and possibly additional forms of media, in a personalized manner either on
paper or in an electronic form).

% At least in principle, not implemented so far.
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The quality of the report is crucial: it should be a memory aid for later consultation,
something one can share with others, and an entry point for getting deeper into a sub-
ject. It should be short but readable and concrete. Detailed descriptions are important,
but only when relevant to the specific visitor [1]. As such the user model that supports
report generation should provide detailed descriptions of information presented to the
user that seemed specifically interested in it.

3 User Modeling in PEACH

The PEACH Dynamic User Modeler (UM) works in a "non-intrusive" manner. Cur-
rently there is no initial information about the visitor when starting each visit, and as a
result, the model is built solely by observing the visitor’s behavior. We are studying
ways of importing and adapting pre-existing models of the specific visitor obtained
from other applications.

The user is tracked during the visit by recording the visitor's positions (in terms of
the visited exhibits) and the time spent at each position are recorded by the UM, as
well as the presentation delivered. User interests are defined in terms of domain con-
cepts, which are associated with individual presentations. These concepts provide a
description of the content of the presentation, thus representing its theme. The con-
cepts are drawn from a domain knowledge-base that is primarily designed for natural
language generation for visit summary reports. Since there is no prior knowledge
about the user, the knowledge base and the concepts associated with the individual
presentation are the only source of information for user preferences with respect to the
exhibits visited and presentations delivered in the current museum visit.

In addition to the various events recorded, the UM also contains inferred informa-
tion about the level of interest the visitor has in the concepts associated with the pres-
entations delivered to her. In addition to the specific concepts associated with the
presentation, an inference mechanism that follows ontological links in the KB, from
the specific concepts associated with the presentations to related concepts augments
the user model with additional, more abstract concepts extending the UM to catego-
ries of concepts beyond those that were associated with the presentation seen by the
visitor. For example, if a presentation that seems to be of interest to the visitor is rep-
resented by the concept "knight", this concept is added to the UM, with an initial
value, the interest in "knight" is now propagated to the more abstract concept "aristoc-
racy", which is added to the UM.

The visitor's interests in the various concepts are defined in a 5-level scale. Explicit
and implicit visitor's feedbacks are used to infer user interest in the various concepts
associated with the presentations delivered to the visitor. Explicit user feedback is in
the form of pressing a “More” button (for positive reaction) or an “Enough” button
(for negative reaction). Implicit positive feedback is the completion of a presentation
delivery to the user, without objection (e.g. no "Enough" button pressed or position
changed). Explicit feedback has a higher priority than implicit feedback in the sense
that explicit feedback is more reliable so it drives an immediate change in level of
interest in the concepts associated with the delivered presentation, while implicit
feedback requires accumulation of evidence for every concept (several implicit re-
sponses) before changing a visitor’s interest level in that given concept. Several
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implicit responses are required for updating a level of interest. Whenever a new con-
cept is added to the list of interests, it gets a neutral value — "interested a little". As
mentioned above, the interest level is propagated to a more abstract concept related to
them, following ontological links among the concepts as represented in the system
KB. The level of interest associated with the concepts that are related to the original
concepts decays as a function of the distance from the initial concept.

The information stored in the UM includes both recorded information of all events
that happened during the visit and inferred information regarding level of interest is
dynamically updated and used during the visit to help prepare the presentation for the
visitor. This is done by tailoring the presentations to the current visit context — what
the user has already seen, visitor's current location and specific interests. Finally, the
UM drives generation of a visit summary report. This report includes details about the
visit, and suggestions for future activities for future visits to this and other museums

4 Planned Evaluations

We are performing several user studies aimed at evaluating the PEACH guide user
interface and the adaptive report. We will address in short to both of them.

1. User studies on PEACH guide user interface. In order to assess if the user per-
ceive the adaptive dimensions depicted in the guide we conducted a simulation study
assessing four dimensions of adaptivity: location awareness, follow-ups, content ad-
aptation with respect to user interests, and content adaptation with respect to history
of interaction. The results of this study are reported in [2]. Currently we are assessing
real visitors in the museum using the implemented visitor guide. At the end of the
visit users are interviewed about the same four adaptivity dimensions. We resort to an
action-protocol and retrospective-interview qualitative study; in particular, we target
the expression of the affect and the delegation of control paradigm implemented that
are the main events that affect the UM component. The results of this iterative evalua-
tion cycle will lead to the final design of the PEACH guide interface. We expect that
users will be able to properly carry out the task with a reasonable understanding the
conceptual model of the system. Furthermore, we expect that the interface is easy to
use and that their expectations about the interest model will be fulfilled.

2. User studies on PEACH adaptive report. In order to assess if the user perceive the
adaptive dimensions depicted in the summary reports we are currently conducting a
simulation study. We compare three types of summary visits: Adaptive Sequential
Report, Adaptive Thematic Report and a Non Adaptive Generic Report that differ on
the following adaptivity dimensions: (1) Sequential vs. thematic (2) Personalized vs.
generic (3) Reference to related topics in unseen frescos (4) Reference to related top-
ics in other museums and sites (5) Reference to the most interesting scene (6) Com-
parison between topics within and between frescos. At the end of the visit using the
PEACH multimedia guide the experimenter give the three simulated summary visit
reports in different order and let the users read them all. Then the visitors are inter-
viewed in order to assess all six dimensions. The preliminary results indicate that
visitors perceive the differences between the sequential and the thematic reports; they
like more the personalized over the non personalized reports, rather because of the



240 T. Kuflik et al.

personal reference present in the adaptive versions than for the adaptive contents of
them. The full results of the current user study will be reported in the future.

5 Conclusions and Future Work

This paper presented user modeling challenges in the PEACH scenario, where "non-
intrusive" user modeling is required to support personalization of dynamic presenta-
tion generation and other applications, including summary visit reports for museum
visitors. Concepts drawn from a domain KB, used primarily for natural language
generation are associated with presentations delivered to the visitor and used to repre-
sent visitor's interests. User behavior is used to determine the level of interest the
visitor has in the various concepts. In the next phase we are going to apply different
user modeling techniques working in parallel (as competing user modeling agents).
We are also studying ways of importing and adapting pre-existing models of the spe-
cific visitor obtained from other applications. Finally, research will focus on evalua-
tion of the user modeling activities as part of the whole system evaluation.
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Abstract. The care of elderly people in their own homes is being promoted
throughout the world. The proportion of older people within western societies is
rising, and it is anticipated that the already stretched resources of both the in-
formal and formal care sectors will be unable to meet demand for home based
care in the near future. This paper reports on work being undertaken within the
BT Care in the Community project to model the lives of older people in order to
understand, anticipate and respond to their home based care needs.

1 Introduction

The UK population is ageing. At the time of the 2001 census there were 8.1 million
people aged over 65 living in the UK, 3.1million of them living alone. By 2011 the
number of over 65s is projected to reach just under 12 million, and by 2026 over 13
million [23]. The extra workload this will place on health and care services will be
compounded by political ambitions aimed at meeting the challenges of rising patient
expectations [16]. In addition to this, the Department of Health aims to promote the
independence of older people by providing enhanced services from the National
Health Service (NHS) and councils to prevent unnecessary hospital admission [7]. As
a result we can expect to see a continuing rise in the number of elderly people living
at home and requiring good quality health and social care services.

The Department of Health in the UK, in common with health care providers
worldwide, hopes for a substantial increase in the uptake of telecare and other elec-
tronic assistive technologies to increase independence for older people [12]. Telecare
can be defined as the application of electronic information and communication tech-
nologies to support elderly people who live alone. Existing telecare solutions cur-
rently provide elderly and vulnerable individuals (clients) with the means of raising
an alert should assistance be required. This type of Telecare solutions can character-
ised as either first or second generation systems. First generation systems are simple

L. Ardissono, P. Brna, and A. Mitrovic (Eds.): UM 2005, LNAI 3538, pp. 241-250, 2005.
© Springer-Verlag Berlin Heidelberg 2005



242 N. Hine et al.

means by which a client can call for help when they find themselves in difficulties.
Second generation systems incorporate a degree of intelligence that enables the sys-
tem to alert the carer without client intervention if the client is incapacitated. Future
telecare is intended to include the ability to predict the onset of an acute situation by
monitoring long-term changes in activity trends to assess the well-being of the client.
The goal of those deploying such so called third generation systems is to inform a
dialogue between those responsible for care, and the client in order to promote a
change in lifestyle that will not only prevent acute conditions from arising, but will
contribute positively to the general well-being and quality of life of the client.

To this end, the Care in the Community Centre [5] is researching the possibility of
developing and deploying third generation telecare systems capable of monitoring
long-term activity trends which may indicate a general decline in the ‘well-being’ of
the client. BT Research is leading the DTI funded Care in the Community Centre in
collaboration with several UK universities. This centre consists of four projects. The
foundation is being laid by the Domain Specific Modelling project (DSM), which is
utilising the domestic environment sensor development work of the Sensornet project,
and feeding concepts, models and test data to the Intelligent Data Analysis (IDA) for
to guide and inform the data analysis and interpretation process. The work is coming
together in a Demonstrator project where systems will be deployed in the homes of
elderly people and the data generated analysed.

Pioneering work in this field was undertaken by BT in the mid 1990’s in a project
together with the Anchor Trust [18]. This project demonstrated that it was possible to
gather data about activity in domestic environments by placing sensors within those
environments. The trials in that project did not employ enough sensors however, to
reliably define and measure specific activities within the home, nor was the technol-
ogy available sufficiently reliable to ensure that a complete record of activity was
gathered. In recent years a number of studies have begun to explore the technical
possibilities of monitoring the lifestyle of older people or people with disabilities [1,
2,21, 17, 20]. The general goal of these studies has been to build a model of the life-
style of these people, in order to detect changes that indicate an alarm condition.
These studies have resulted in new alarm products [15, 22] and deployed services [3].
Current research has begun to consider the possibilities for more sophisticated analy-
sis of the lifestyle data that can detect more subtle changes of lifestyle leading to
changes in health and well-being. [6, 11, 19, 10], and ensure that the technology de-
ployed in the homes of older people is suitable for use by them [4, 8, 9].

A key element in the success of well-being monitoring systems depends on an un-
derstanding of the expected or normal lifestyle and the degree to which the behaviour
of the older person has deviated from that norm. The first task, therefore, of the work
within the DSM project was to outline a conceptual model that would serve as a
“roadmap” of the territory of well-being amongst older people. The starting point for
this is a well-established literature base that includes both the subjective (e.g psycho-
logical well-being, life satisfaction) and objective ( e.g. life circumstances and per-
sonal capacities) aspects of quality of life [14, 13] While this provided a useful per-
spective, it became very clear, in the context of the present work on activity monitor-
ing, that a key theoretical weakness is the lack of attention to how well-being is
grounded within the everyday activities. Fig 1. presents the conceptual framework
used within the DSM project, comprising person and context as ” background” factors
that determine well-being “outcomes”.
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Fig. 1. Conceptual Framework of factors affecting well-being

The person factors include physical attributes, such as physical and mental abili-

ties, while psychological attributes include needs, preferences, motivation, goals, etc.
Key context factors include the home environment, the local neighbourhood, care
provision and social network. Well-being outcomes include social participation,
psychological well-being and physical health. Our model, however emphasises the
role of everyday activities, such as activities of daily living (ADLs) including bathing,
hygiene, looking after the home etc. and hobbies and leisure that are important for
well-being. Social interaction is also an important component of well-being.

These different activities are important from a well-being monitoring perspective

because:

A person’s activities are indicative of the precursors of well-being. A person’s
general lifestyle and their everyday activities are seen as a function of their goals
and abilities within a particular context. For example, changes in patterns of ac-
tivities could indicate changes in the motivation or physical competencies of the
individual. They could also indicate changes in contextual factors, such as the
loss of informal support from a carer.

Activities are also predictive of well-being outcomes. For example, people who
are able to maintain valued activities and hobbies into old age may experience
higher levels of life satisfaction. Our sense of well-being is affected by our own
subjective interpretation of everyday life, so that one person’s experience of a
particular incident or activity may be very different from another’s. For example,
social isolation and lack of contact with others is predictive of well-being, but
this largely depends on whether the person “feels” lonely or not. While this expe-
riential domain is obviously outside the domain of monitoring and sensoring, the
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activities themselves remain important indicators of outcome. However, monitor-
ing of activities needs to be flexible enough to encompass key differences
between individuals.

The initial set of activities chosen within DSM reflects the wide range of activities
that may contribute to well-being. These are: Leaving & returning home (social),
Visitors (social), Preparing food & eating appropriately (physical), Sleeping patterns
(physical), Leisure activities (mental), Personal appearance (mental).

2 Activity Monitoring and User Lifestyle Modelling

The set of six general activities in the conceptual framework cover a wide variety of
detailed activities that together contribute to well-being. Before such abstract activi-
ties can be interpreted, an understanding of the client’s existing lifestyle and factors of
their well-being which they perceive to be important needs to be collated. There is a
temptation, therefore, to measure as many of the set of activities as possible, and then
to integrate the deviations or changes from past activity patterns into a general well-
being measure. A more helpful approach might be, however, to consider these high-
level activities as primary activities that can be broken down into progressively more
detailed classes of activities. This maps onto the type of questions that carers would
ask as they consider each person in their case-load. Initial questions would be at the
level of “tell me how the client is sleeping” or “tell me how the client is eating”. More
detailed questions such as “is the client eating fresh fruit?”” would follow. At the most
detailed level, a client with known specific risks would be monitored at the level of
individual activities such as the way they cook a specific meal. This would result in
activity interpretation model that is a hierarchical question tree, with abstract ques-
tions at the top drilling into more specific questions.

An overview of the top level of the tree is shown in fig. 2 below.

If then, for example, the client feels that on a bad day they just cannot be bothered
to make a proper meal, and this happens increasingly frequently, this could be an
indicator of a reduction in well-being and subsequently a reduction in health. A sensor
network would be designed and installed into the client’s home to observe the activity
of preparing fresh meals versus ready-made processed foods.

Whilst the monitoring of detailed activities will require the comprehensive de-
ployment of activity specific sensors, a comprehesive highlevel insight of activities,
or lack of them, can be gained from a small set of well-placed sensors. In the tree in
fig. 3 below, 3 durations of activity, A, B, and C, are outlined. Duration A is the pe-
riod during which the client is definitely not doing the activity of interest. Duration B
is the time they might be doing the activity or it is probable that a proportion of the
time is being spent doing the activity. The duration C is the time where it is highly
probable or certain that they are doing the activity. With this approach, if the client is
not spending the amount of time involved in an activity as would be expected, further
more detailed questions can be explored with a more targeted deployment of addi-
tional sensors.
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Q1. Tell me about
person's social life
(outside the home)

Q2. Tell me about
person's social life
(inside the home)

Social Interaction

Q3. Tell me about
person's lifestyle
(sleeping habits)
Q4. Tell me about
person's lifestyle
(eating habits)

WELL-BEING
QUESTIONS

Healthy Lifestyle

Q5. Tell me about
person’s self esteem
{personal hygiene)

Q6. Tell me about
person's self esteem
(leisure activities)

Self Esteem

Fig. 2. Top level well-being questions

in the home excluding
kitchen

[DURATION-B] of activity
in the kitchen

[DURATION-A] of activity ]

Is the ratio of fresh to ready-made
meals changing over time

Is the frequency of preparing
meals changing over time

Is the number of meals being
missed changing over time

[DURATION-C] of activity
in eating space following
activity in kitchen

Is the amount of time taken to
prepare meals changing over time

Q4. Tell me about
person’s lifestyle

Is the time at which meals are }
{eating habits)

prepared changing over time

Is the ratio of hot meals/cold meals
being prepared changing over time

Is the ratio of microwave/oven
cooked meals changing over time

Is the diet balance changing over time ]

Compare with: previous durations of
suspected activity related to eating

Sensor sequence might be: activity in home ]

Therefore max duration
of activity related to
eating is [B] + [C]

moves to kitchen, followed by a short
period of inactivity in the eating space

FAQ-Therapist: Person X is definitely not eating ]

A% of the day, but is possibly up to (B+C)%. This
compares with an average of...

Fig. 3. Second level well-being questions related to eating habits

In order to validate this approach, a home is being instrumented with a network of
sensors. This sensor network consists of a portfolio of low-powered, unobtrusive
sensors such as PIRs, door/cupboard switches, beam breakers and pressure mats net-
worked to a National Instruments fieldpoint terminal. When each sensor is fired, the
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timestamp and state change is read by a application (developed in National Instru-
ments LabView IDE) and stored within a SQL Server database. This data is then
available for analysis.

In order to assist in the verification of the data prior to analysis, a set of visualisa-
tion interfaces have been developed. The screenshot in fig 4 below shows this sys-
tem in use. This system is provided as the interface for the technical support team
developing and running the installation.

On the left, we can see a floorplan of the test house. Coloured circles indicate the
locations of the installed sensor within the sensor network. As each sensor is fired, the
colour of these circles will change to indicate the current state. This representation
shown has two clusters of sensors installed, at the front door and at the entrance to
one of the bedrooms. These sensors have enabled the research team to put in place the
chain of equipment between the house and the University lab, with data being logged
locally on a computer acting as the data gateway, and the main archiving server. Us-
ing this architecture the issues associated with the local or remote storage and proc-
essing of data can be explored.
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Fig. 4. Raw data visualisation interface

In the top right, we have a calendar view. The calendar view allows an overview of
the volume of data generated over a whole year, a month or a day to be viewed. The
view currently showing is the 24 hours of the day. Each hour is shaded based on how
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much activity has occurred in that hour. The redder the colour, the more activity oc-
curred within the hour.

In the bottom right, there is the graph view. There are four different types of graphs
available, each showing the data in a different visual representation. The graph visible
is the line graph with individual plots for each of the sensors. This gives an indication
of sensor activity to monitor the data collection technology, but it is recognised that
this is not the most helpful representation for understanding user activities, as activi-
ties that span hours will not be readily visible. In order to understand the user, activi-
ties should be grouped according to activity zone times such as “breakfast time” or
“lunchtime”, or “evening time”. The setting of these zones is an iterative process that
will need to be tuned to the specific user based on their activity patterns. This will be
done in the subsequent data analysis.

A simplified visualisation (figure 6) is being prepared that will present the status of
the user relative to the initial six well-being parameters, and the subsequent hierarchi-
cal set of activities associated with these high level parameters. This visualisation
will allow the carers and the clients to have an overview of the client’s well-being
over time.

The design of this simplified interface reflects detailed discussions with care service
personal both in Dundee, Scotland and in Liverpool, England, and enables an overview
of both the status and the trends in the well-being of the older person to be seen.

Tell me about Joo's History 3 Month Trend Current

|01.Sociﬂllﬂeoll‘sldad‘|ehm

I 02, Social ife inside the home

|u¢.mmmm

|

|

| Q3. Sleeping habbits |
|

| Q5. Personal Hygiene |
l

[ 05, Leisura Activities

Average Well-Being Index

Fig. 5. High level questions and well-being level view

In the upper section of the screen, there are the six well-being questions that the
carers are interested in. Beside each question, there are coloured blocks showing three
states, with the following colour coding: Red = Bad, Yellow = OK, Green = Good.

The three states are: History state showing the known or observed normal state for
the person; 3 Month Trend state showing a colour gradient indicating the trend of the
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state over the past 3 months; Current state showing the perceived state of the person at
this moment in time.

Finally, along the bottom section of the screen, there is a graph showing the trend
of the well-being index over the last 12 months. The well-being index is an inte-
grated values of the various well-being factors, weighted according to the aspira-
tions of the user.

When the carer selects a question from the overall summary screen.

This interface is currently being discussed with the carers that contributed to the
original design. Initial impressions suggest that as the carers drill down into the de-
tails of the issue affecting well being, a more detailed presentation of the state of the
individual sensors might be useful.

The additional analysis that will subsequently be applied to this data gathered from
the client’s home utilises data mining techniques. A significant task within the se-
quence of data mining operations to be performed in this analysis deals with the selec-
tion of relevant data from within the total available data set. This is a particularly
important phase in the analysis of the home data as it is clear from the initial installa-
tion and data gathering work that sensors detect many activities that are not associated
with the activities of interest. A promising technique for selecting the required data
from within the pool of sensor firings is detection of temporal sequence patterns.
Initial results of the application of such a technique to this data has shown that it can
indeed select the required data when presented a data set within which human users
have identified blocks of activity data. The selected data can then be presented to rule
decision tree building algorithms and to pattern detection algorithms. Initial applica-
tion of decision tree algorithms have built simple rules that highlight regular activities
such as the detection of the user leaving the house at particular times on particular
days of the week. Initial application of pattern detection techniques have detected
clusters of patterns associated with movement in and out of the house, and of move-
ments within the house associated with activities at the front door.

An alternative approach to decision trees and clustering analysis is to use On-Line
Analytical Processing (OLAP) techniques to form predetermined answers to questions
that have numerical values based on the consideration of a set of factors. Initial appli-
cation of these techniques has focused on factors such as time, location, direction of
movement. The algorithms depend on structuring the sensor data as multi-
dimensional data structures. The structures can then be used to precalculate answers
to questions such as the number of house leaving events within various time periods
ranging from gross periods such as years down to fine periods such as hours. These
techniques are being applied extensively in commerce decision situations, so a variety
of intuitive visualisations tools are available and are being explored.

Whilst it may prove to be necessary for the technology to identify the specific ac-
tivities being performed in the homes, the research approach is initially more con-
cerned with the identification of change in the activity levels of people within the
context of home space most likely to be associated with the well-being activities iden-
tified. As the need of carers and older people to identify specific activities becomes
clear in order to correlate the changes of activities to changes in well-being, additional
sensors and more targeted analysis algorithms will be deployed. In these cases, it will
be necessary to validate the insights being gained through the sensors and algorithms
in order to confirm that the activity being assumed to be apparent in the data is in fact
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the one taking place. An early example of this approach being piloted in the facility is
that all occupants swipe a personal RFID card against a reader as they enter the dwell-
ing so that the researchers can validate the entry and leaving patterns against the per-
son. Such interventions would be in place as a temporary measure until the system
had been trained.

Having verified the validity of the user activity modelling and exploration ap-
proach, and the utility of the data coming from the clients’ homes with these tech-
niques, the experiences and models are fed into the Intelligent Data Analysis (IDA)
team within the Care in the Community Centre who are producing fuzzy set rules of
normal activity patterns to apply to the raw sensor data recorded from the client’s
home. The fuzzy rules can then be used to test the data for variations over time from
the normal trend of an activity. More powerful data mining techniques are being in-
vestigated as a means of discovering a user’s pattern of activity from the raw data to
refine or even generate rules for the IDA fuzzy rule set.

3 Conclusion

In this paper we have presented the user modelling working taking place in the DSM
project of the BT Care in the Community Centre. This modelling is intended to guide
the analysis of sensor data being gathered from the homes of older people in order to
identify changes in activities that might be an indication of decline in well being and
quality of life. This work is continuing to evolve to inform the dialogue between cli-
ents and their carers, and will be extended to consider an increasing spectrum of do-
mestic activities within the core framework presented here.
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Abstract. Inference and decision making with probabilistic user models may be
infeasible on portable devices such as cell phones. We highlight the opportunity
for storing and using precomputed inferences about ideal actions for future
situations, based on offline learning and reasoning with the user models. As a
motivating example, we focus on the use precomputation of call-handling
policies for cell phones. The methods hinge on the learning of Bayesian user
models for predicting whether users will attend meetings on their calendar and
the cost of being interrupted by incoming calls should a meeting be attended.

1 Introduction

Over the last decade, there has been increasing research on the use of probabilistic user
modeling for inferring user goals and states of the world [6,7] under uncertainty. The
user models have been applied typically in desktop settings, where designers can
assume that a personal computer is available for performing inferences. We focus in
this paper on the precomputation of ideal decision-theoretic policies from probabilistic
user models and the caching of the policies on a cell phone for decision making in a
mobile setting. We believe that such precomputation and caching of policies will
enable probabilistic learning and reasoning to be applied to the large and growing
number of devices and appliances in the world with limited computational abilities.

We focus on the example of using probabilistic models to guide the handling of
telephone calls, so as to deliberate about the cost of interruption versus the cost of
deferral of an incoming call. Such decisions can be made locally at cell phones, based
on a consideration of context and multiple properties of meetings. We analyze the
case of local decision making based on sensed properties of meetings on a user’s
calendar and on properties of callers based on caller identification, as well on real-
time sensing of motion and ongoing conversation.

We first discuss the learning of predictive models of attendance and of
interruptability. We present the computation of the expected cost of interruption from
the output of these models. Then we discuss the computation of value of information
to reason about the value of acquiring additional information from users in real time.
We review how we can precompute and cache policies on cell phones that consider
whether calls should interrupt users. We discuss how the methods have been used to
field a prototype call handling system that we call Bayesphone.

L. Ardissono, P. Brna, and A. Mitrovic (Eds.): UM 2005, LNAI 3538, pp. 251 -260, 2005.
© Springer-Verlag Berlin Heidelberg 2005
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2 Learning Models of Interruptability and Attendance

Efforts over the last several years have demonstrated that relatively accurate models
can be constructed for predicting the interruptability of users from such contextually
relevant observations as sensed activity and calendar properties [2,3,4,5,8]. We shall
focus first on the construction of two Bayesian network models via supervised
machine learning. One model predicts the interruptability of a user. More specifically,
we build a model that is used to infer a probability distribution over the cost of
interruption of users. The second model outputs the probability that users will attend
meetings that appear on their electronic calendar. Inferences from both models are
used to predict the expected cost of interruption at different times for a user.
Additionally, we show how we compute from the output of the models, the value of
information associated with asking users in real time about their situation. Such an
analysis considers the inferences from the models as well as the frequency and types
of calls coming in over time.

2.1 Models of a User’s Interruptability

We have been investigating predictive models of the cost of interruption from
evidence associated with a user’s context, including a stream of sensed data generated
by a user’s interaction with a desktop computer and properties of items on a user’s
electronic calendar [4,5]. Online calendars are central for coordinating meetings in
many enterprises. For example, the Outlook calendaring subsystem is used universally
at our organization for extending invitations to meetings, monitoring responses about
planned attendance, and scheduling and tracking daily agendas. As part of the
Coordinate project, we constructed an appointment crawler and assessment tool that
searches through users’ online calendars, as represented in the Microsoft Outlook
messaging and calendaring application [3]. The appointment crawler sifts through
online appointments and records sets of properties associated with each appointment.
The appointment crawler notes, for each appointment, a set of properties drawn from
the Outlook application, including the time of day and day of week of the meeting,
meeting duration, subject, location, organizer, the response status of the user
(responded yes, responded as tentative, did not respond, or no response request was
made), whether the meeting is recurrent or not, whether the time is marked as busy or
free on the user’s calendar, whether the user was required or optional, the number of
invitees, the organizational relationships of the invitees to the user, and the role of the
user (user was the organizer versus a required or optional invitee). The system
accesses the Microsoft Active Directory service to identify the organizer of the
meeting and invitees and notes whether the organizer and attendees are organizational
peers, direct reports, managers, or managers of the user’s manager.

The crawled data is used to build an assessment view that displays a form to users.
The form consists of a list of titles of meetings and provides fields for indicating the
state of interruptability of users. Fig. 1 shows the assessment palette for assigning a
cost of interruption to each crawled calendar item and a form used to define the
meaning of high, medium, and low cost of interruption states. Users use this form to
assign scalar values to each state of interruptability. For this assessment, we ask users
to estimate the cost associated with a ringing phone during states of high, medium,
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and low cost of interruption. To ground the semantics of cost throughout the system,
we consider the decision-analytic notion of willingness to pay; and assess dollar
values that users would be willing to pay to avoid a call in each setting.

Given the interruptability tags and appointment properties, we build a library of
cases, and then employ a Bayesian structure search procedure, based on methods
developed by Chickering, et al. [1], to build a Bayesian network. The methods employ
a greedy search across different structures to identify the probabilistic dependency
structure that best explains the data, based on a score known as the Bayesian
Information Criterion. The resulting Bayesian network can be used later to infer
probability distributions over the states of interruptability for previously unseen
meetings, based upon a consideration of a set of observations consisting of the
properties of meetings.

Date Subject Cost ]

Oct 8. 2004 10/8/2004 Computational History In Ag ¢ High & Medium " Low
Qct 8. 2004 10/8/2004 Structural Comparison of EY ¢ High & Medium " Low
Oct 7. 2004 Attila's going away party. B30 cafeteria | ¢ High & Medium  Low
Oct 7. 2004 UW CSE Colloguium - 10/7/04 - "The | ¢ High & Medium " Low
Qct 7. 2004 10/7/2004 The totally nonnegative part|  High & Medium " Low
Oct 7. 2004 10/7/2004 ME++: Bill Mitchell - MIT " High & Medium  Low
Oct7,2004  |Updated Adaptive Systems & Interacti @ High  Mediom  Low
Oct 7. 2004 10/7/2004 Data Mining & Machine Leg[ © High & Medium " Low
Oct 6. 2004 UW CSE Televised Talks for October 2| " High & Medium " Low
Oct 6, 2004 10/6/2004 Toolkit for Construction and| ¢ High & Medium " Low

Oct6, 2004 |10/6/2004 Some uses of orthogonal pd © High & Medivm  Low Cost of interruption for meeting contexts
Oct 6, 2004 10/6/2004 Command Post of the Futu & High © Medium  Low

Oct6,2004  |ASI dev group mid-week meeting & High © Medium  Low High meeting cost l?—
Qct 6. 2004 13{6{2004 SHARK - A Pen Gesture S| ": High & Medium (‘ Low Nt etiricy ek |5—
Oct 6, 2004 10/6/2004 1.Vision: Extraordinary Com| " High & Medium  Low

Oct 6, 2004 AS| dev group mid-week meeting @ High " Medium  Low Low meeting cost l:s.—
Qct 5. 2004 UW CSE Colloquium - 10/5/04 - "Resej © Hish & Medium " Low |+

Fig. 1. Cost of interruption assessment palette that enables users to view a list of prior
appointments and to assess the cost of a phone call during each meeting (left). Overall dollar-
valued costs are assigned to each state (right)

Fig. 2 displays a Bayesian network model learned from a set of cases tagged by
cost of interruption. The model can be used to infer a probability distribution over
states of interruptability, outputting for each previously unforeseen appointment the
likelihood that the meeting has a high, medium, or low cost of interruption. A study of
a model constructed from the same 559 appointments and tested on 100 hold out cases
showed a classification accuracy of 0.81 for assigning interruptability.

2.2 Models of Meeting Attendance

Beyond models of the cost of interruption associated with a context associated with
the attendance of a meeting, we also assess and learn in an analogous manner
Bayesian network models that predict the likelihood that the meetings will be attended,
based on meeting properties. Fig. 3 shows a sample Bayesian network learned from
training data for inferring the likelihood that a user would attend meetings, based on
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meeting properties. The model was trained with the same appointments as were used to
train the model for the cost of interruption. In use, the personalized attendance model
generates, for previously untagged meetings, the likelihood that users will attend the
meetings. For this model, a study of the accuracy on 100 cases held out for testing
found that attendance was classified at an accuracy of 0.92.

ResponseRequeste IsinvitedVYiaAlia
\ JI|'
TimeOfDay IsRecurring nAttendees

Subject ___ \ v

MyRole — .
4 Interruptability
5
DirectReports /"

/ Location

ResponseStatus

Fig. 2. Bayesian network learned from case library that can be used to infer the probability
distribution over states of a variable representing the interruptability of a user, given attendance
of a meeting with particular properties. The most influencing variables and their probabilistic
dependencies are highlighted with shading

IsRecurring
BusyStatus \

GoneToMeeting - |sinvitedViaAlia
R \*
ResponseStatus IsWeekday
DirectReports /

Duration

Fig. 3. Bayesian network learned from case library that can be used to infer whether a user will
attend a meeting or not, based on meeting properties. The most influencing variables and their
probabilistic dependencies are highlighted with shading

3 Computing Expected Cost of Interruption

We can employ the Bayesian networks for predicting attendance and the cost of
interruption to compute the expected cost of interruption (ECI) associated with calls
that ring through to users who are attending different kinds of meetings. To perform
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the computation of expected cost of interruption, we consider the probability
distribution over the cost associated with the meeting at hand, as provided by the
interruptability model, and the likelihood that a user will attend the meeting indicated
on the user’s calendar, as provided by the attendance model. To compute the ECI of
interrupting a user when a meeting on a user’s calendar is recognized as being in
progress, we need one additional piece of information—the default cost associated
with receiving a phone call when a user does not attend a meeting indicated on a
user’s calendar. Such a default cost is typically a function of the time of day, as
receiving a call during the early hours of the morning or very late at night is likely to
be different than receiving a call during business hours, and the cost of interruption
may also be dependent on the day of week. To assess default costs of interruption, we
allow users to sweep over default high, medium, and low cost regions within a seven
day by twenty-four hour time palette, and to define default costs of interruption to
each value. Fig. 4 displays the palette for assessing the default of interruption by time.

LI TIITE— ot

ety Tore Pavsten

Mot Mk iow |t |

10°

Fig. 4. Time palette for assessing costs of interruption by time via a sweeping out of regions of
time, and assessing default costs for non-meeting times assigned high, medium, and low costs

Given (1) an inferred probability distribution over the interruptability of a meeting,
(2) the likelihood that a user will attend a meeting on their calendar, and (3) the
default cost associated with the no-meeting situation, the ECI at any moment is
computed by weighting the cost of interruption for the no-attendance and attendance
situations in accordance with the likelihoods of these states. Taking the expectation,
the ECl is,

ECI = p(AIE)Z plc, 1E)e, +(1— p(A 1E))c"(S) (D

where p(AIE) is the likelihood that users will attend a meeting, given evidential
properties E associated with the meeting, obtained via Outlook appointment
properties, p(c;|E) is the probability that users will assign a cost ¢; to the meeting,
where i indexes the meeting as being either in low, medium, or high cost, and ¢(S) is
the background cost of being interrupted in the default situation S, representing the
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case where a user does not attend a meeting, as captured by the time of day and day of
week. The default cost can be extended to be dependent on multiple aspects of a
user’s overall context S. Also, special mutually-exclusive contexts can be considered
as active in a priority-order relationship. In the current Bayesphone prototype, the
special contexts of user driving (stop-and-go versus smooth highway driving) and
local conversation in progress are sensed from a Bluetooth-based GPS system and
headset, respectively. If neither of these situations is sensed, the meeting and default
day and time context is considered as active. Otherwise the costs of interruption
assessed for the special contexts are assumed.

4 Performing Cost-Benefit Analysis in Real Time

We can balance a computed cost of interruption with the cost of deferring a
conversation until later. A key piece of the decision is the cost of deferring calls from
different callers. We thus obtain from users the dollar-value cost associated with
delayed communication when a call is routed to voicemail rather than a real-time
conversation. For such an assessment, we allow users to define groups of callers,
based on properties of people, so as to provide a manageable set of classes. The
deferral-cost assessment tool allows users to create groups of people based on sets of
properties of people including organizational relationships and activities. The tool
allows users to create such organization-related groups as peers, direct reports,
manager, position higher-up in the organizational chart, person within organization,
and people identified in a user’s list of contacts. Users can also pick activity-based
groups, so as to have their device recognize people who are scheduled in meetings in
the next hour, on the same day, or later in the same week. Another activity-based
group provided by the system is “people I have called today” and “people I have
called this week.” The tool can also be used to build ad hoc groups like “critical
associates,” and “close friends.”

We employ Equation 1 to precompute the expected cost of interruption based on
meeting properties for any time during the day. We shall return to the desktop and
mobile device application in Section 5. First, we review the precomputation of value
of information for making decisions about when to acquire additional information
from users.

5 Precomputing Ideal Interactions with Users

Beyond storing policies for making the best decision based on information that is
currently available to a system, we have extended the basic cost-benefit analysis with
precomputation about whether it is worthwhile for the phone to ask users at run time
to assist with resolving key uncertainties about the user’s situation. More specifically,
we precompute the value of asking users for information about whether they are
attending a meeting that appears on their calendars. Answers to such queries can
resolve key uncertainties used in the ECI computation, potentially increasing the
value of the call-handling policies.

To identify ideal queries, we compute the expected value of information (EVI) of
asking users a question. EVI is a decision-theoretic measure of the value of gathering
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additional information that considers the current uncertainties, the likelihood of
different answers to a query for more information, and the ultimate influence of the
different answers on ideal policies. For the case of Bayesphone, we precompute the
value of asking a user if they intend to attend a meeting before a meeting is scheduled
to begin. The question itself incurs a cost of interruption that must be balanced with
the gains in value based in the new information.

To compute the value of asking the user about attendance, we must consider the
ECI before and after asking, and cost of querying the user. Given an answer, the ECI
will be either be the expected cost associated with the meeting (the first term in
Equation 1), or the background cost of the time of day (the second term Equation 1).
To compute the value of information, we introduce the concept of the overall
communication cost over a period of time. The expected communication cost (ECC)
for a period of time is the cost of deferral and cost of interruption for all incoming
calls during the period. We wish to interact with a user only if the reduction in ECC
is greater than the cost of asking. Bayesphone precomputes the value of information
for all meetings and uses this information to drive selective question asking.

The ECC is computed by maintaining a log of incoming calls. Bayesphone records
a log of incoming calls by group. This log is segmented into calls that arrive at
different time periods. For the current prototype, we consider eight periods:
mornings, afternoons, evenings, and late night for weekdays and weekends. For each
period, we compute the rates at which calls associated with different caller groups
arrive each hour. Given this information, we can compute the ECC for any value of
the cost of interruption. We simply note the expected number of calls that will be
deferred and the calls that will ring through to a user given the computed ECI. The
expected numbers of each class of calls are computed as a product of the stored rates
for each caller group and the duration of the period. The ECC for a meeting of
duration 7 based on a consideration of current evidence E only about properties of the
upcoming meeting is,

ECCE,t)= Q. f, ¢/ + D fci" ) @

where f; is frequency of calls in each caller group i that has a cost of deferral lower
than the cost of interruption, f; is the frequency of calls in each caller group j that has a
cost of deferral higher than the cost of interruption, and ¢*# and ¢™ are the costs of
deferral and cost of interruption of each of these caller classes, respectively. We note
that ¢ is just the current expected cost of interruption, ECI, as computed with
Equation 1, so we can rewrite Equation 2 as,

ECC(E,t)=(D_ f, ¢/ +> f, ECI(E)) (€)

To compute the EVI of asking the user a question, we recompute ECI and ECC
separately for the answers of “attending” and “not attending,” identifying the changes
in the numbers of calls in the deferral and the ring-through classes for the updated
values of ECI, and finally combine these two ECC values together, weighted by the
probability of hearing each answer. The communication cost for the answer,
“attending meeting” considers the expected cost associated with being at the meeting,
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ECC(E,a,)= (Y £, + 3 £3 plc, | E)er )

The communication cost for the answer, “not attending” takes as the cost of
interruption, the background cost associated with the time of day,

ECC(E,a,t)=Q_ f ¢+ fic"t ®)

Putting these terms together, we can compute the expected value of asking the user as,
EVI(E,t)=ECC(E,t)
—[p(AI E)ECC(E,a,t)+(1- p(A| E))ECC(E,a,t)] (©
— C a

where C“is the cost of asking the user before the meeting, just the ECI before the
meeting begins. The system also considers the added value of directly asking a user
about the interruptability of a meeting, given that the user has answered that the
meeting will be attended, using an analogous value of information computation.
Users are asked to optionally answer a second question about the cost of interruption,
if acquiring that information is worth the incremental cost of asking the second
question.

6 Bayesphone Desktop and Mobile Applications

Bayesphone consists of two applications: (1) a desktop application, running on
WindowsXP, that performs inference, cost-benefit analyses, and value of information
precomputation of ideal real-time actions and inquiries, and (2) an application running
on Smartphones that downloads the precomputed policy file from the desktop via a
device synchronization program. The Bayesphone desktop application analyzes each
forthcoming meeting, making inferences with the Bayesian network models for both
attendance and interruptability. The client application considers these inferences along
with the costs of deferral of calls from callers in different groups, the expected cost of
interruption with taking calls for each meeting, and the history of incoming calls in
the user’s call log, and precomputes the ideal call-handling actions and interactions
for each meeting. The desktop system creates an XML-encoded file, which includes
for each meeting, the meeting title, date, and time, whether the user should be asked
with an alert about meeting attendance before the meeting, and the list of caller
groups who are allowed to breakthrough to the user during the meeting for the no-
interaction or no-answer case, and for each answer.

In use, a user may be asked before a meeting occurs about whether they plan to
attend the forthcoming meeting. A special alert tone is used to inform the user about
the question, and a screen appears that allows the user to specify whether they will
attend the meeting. The maximum likelihood answer is displayed on the device,
allowing the user to either confirm or to change the guess. If no answer is available
with three minutes, the question times out and the title of the meeting appears on the
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screen, along with the groups who can breakthrough. Users can directly change their
attendance status or the cost of interruption directly at any time via a menu, and the
ideal precomputed policy for the state will be accessed and displayed. Figure 6
displays two screens of the Bayesphone application executing the call-handling
policies of one of the authors. In this case, the system has alerted the user to the value
of answering a question about attendance before a meeting. The system has guessed
that the user will not attend the meeting, and the user confirms this guess. After the
interaction, the system shows the users the caller groups that will be allowed to
breakthrough. At run time, Bayesphone intercepts incoming calls and takes control of
the ringing of the phone. The application checks caller ID, examines the list of callers
allowed via the precomputed cost-benefit analysis, and decides whether to ring the
phone versus transfer the call to voicemail.

Although the primary intent of this paper is to share with the User Modeling
community methods for precomputing user models for fielding ideal policies on
mobile devices that do not have the computational power of desktop machines, we are
interested also in the value of these methods for the call-handling domain. The initial
Bayesphone prototype has been used by two people on our team for four months. We
have not yet performed a formal validation of satisfaction with call handling, but the
system has been reported by both users to perform well overall in a qualitative survey.
Both users provided us with feedback on the effort with setting up the system. The
users found that the assessments of caller groups, costs of deferral, and costs of
interruption were straightforward, taking under 15 minutes to complete. However,
they found the assessment of the Bayesian models to be more burdensome, taking
about two hours of time to assess crawled events from their online calendars. We are
working on means for easing this burden via experience sampling along the lines of
[5], and on the use of lighter-weight, but less precise models. Such an approach
includes the reliance on the direct assessments of probability distributions for
attendance and interruptability for classes of appointments.

7 Summary

We have described a project highlighting the opportunity for precomputing inferences
from Bayesian networks and coupling these inferences with cost-benefit policies for
fielding policies for action and dialog with users on simple end-point devices like cell
phones. We reviewed the construction of probabilistic models that can infer the
expected cost of interruption and the likelihood that users will attend meetings on
their calendar. We showed how these models can drive a cost-benefit analysis of call-
handling policies and reviewed a prototype application. We are now studying the
difficulties that users may have in building probabilistic models for the prototype, and
the overall experience with using the system. We are also working to extend the
evidential considerations beyond meeting properties and time, to include such
observations as local sensing of location, motion, and ambient acoustical signals, such
as those representing a nearby conversation in progress.
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10/15/2004 Cornversation
in the Blogosphere,

Are you attending this
meeting?

Fig. 5. Bayesphone application, showing the case where it is best to ask the user about
attendance of a forthcoming meeting. When the meeting starts, the application displays the title
of the meeting in progress, the input from the user, and the callers who can break through

Moving beyond the motivating example we selected to explore the precomputation
of personalized policies, we are excited about the prospects for precomputing user
models for fielding adaptive behavior that can be executed on a variety of small
devices—especially on mobile devices that may have minimal computational power.
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Abstract. Large individual differences have been documented among users in
their multimodal integration patterns, which suggest that new user-adaptive ap-
proaches to multimodal fusion may be opportune. Before pursuing such an ap-
proach, this study explores whether people can be successfully encouraged to
switch their multimodal integration pattern to one that is easier to process
through the use of explicit instructions. Longitudinal data were collected from
young and elderly adults as they used speech and pen input with a simulated
map system. Results revealed that only 37% of users switched their integration
pattern and maintained it, whereas another 19% never switched their natural
pattern and 31% switched but then reverted during a follow-up session. In addi-
tion, significant destabilization of elderly users’ integration pattern was one
“cost” of attempting to instruct a change in pattern. This research underscores
the need for user-centered design in future multimodal system development, es-
pecially for vulnerable users such as the elderly.

1 Introduction

Research has documented large individual differences among users in multimodal in-
tegration patterns, with greater variability among the elderly than younger adults
[6,9]. However, state-of-the-art multimodal systems still are based on fixed temporal
thresholds to determine when modality fusion is “legal” [1]. These temporal thresh-
olds are used to resolve when a person’s input is unimodal versus multimodal, and
also when sequential signals separated by a lag should be fused into one multimodal
interpretation. Since multimodal systems based on fixed temporal thresholds are inac-
curate for many users and do not permit tailoring to handle departures from modal
patterns, one key direction for future multimodal interfaces is the development of a
new class of adaptive temporal thresholds that can detect and adapt to a user’s domi-
nant multimodal integration pattern. Adaptive thresholds are expected to reduce sys-
tem response delays to approximately 44% of what they currently are for fixed
thresholds, and also to significantly improve the synchrony of user-system interaction
and overall system reliability.

As a new class of adaptive multimodal interfaces begins to be prototyped, engi-
neers might reasonably ask whether users can’t just be trained to deliver their multi-

L. Ardissono, P. Brna, and A. Mitrovic (Eds.): UM 2005, LNAI 3538, pp. 261-270, 2005.
© Springer-Verlag Berlin Heidelberg 2005
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modal commands in a simultaneously integrated manner. This could greatly simplify
the development of temporal constraints that are needed to build new time-sensitive
multimodal architectures. The present research explores this theme of the potential
malleability of users’ multimodal integration patterns, as well as examining possible
differences between younger adults and the elderly.

1.1 Related Research on Multimodal Integration Patterns

Recent research has revealed an unusual bimodal distribution of multimodal integra-
tion patterns when users interact with computers. As illustrated in table 1, studies
conducted with users across the lifespan have indicated that individual child, adult,
and elderly users all adopt either a predominantly simultaneous or sequential integra-
tion pattern during production of speech and pen multimodal constructions [6,8,9].
During a simultaneous integration, speech and pen input is at least partly overlapped
in time, whereas during a sequential construction one input mode begins and ends be-
fore the second starts. A user’s dominant integration pattern can be identified almost
immediately, typically on the very first multimodal command, and it remains highly
consistent (88-97%) throughout an interactive computer session [6,8,9]. Interestingly,
large individual differences and within-subject stability likewise have been docu-
mented in the perception of multisensory synchrony [4,7].

Table 1. Percentage of simultaneously-integrated multimodal constructions (SIM) versus se-
quentially-integrated constructions (SEQ) for children, adults, and seniors

Children Adults Seniors
U SIM SEQ | User SIM SEQ | User SIM SEQ
SIM integrators: SIM integrators: SIM integrators:

1 100 0 1 100 0 1 100 0

2 100 0 2 94 6 2 100 0

3 100 0 3 92 8 3 100 0

4 100 0 4 86 14 4 97 3

5 100 0 SEQ integrators: 5 96 4

6 100 0 5 31 69 6 95 5

7 98 2 6 25 75 7 95 5

8 96 4 7 17 83 8 92 8

9 82 18 8 11 89 9 91 9

10 65 35 9 0 100 10 90 10

SEQ integrators: 10 0 100 11 89 11

11 15 85 11 0 100 12 73 27

12 9 91 SEQ integrators:

13 2 98 13 1 99
Non-dominant inte-
grators:

14 59 41
15 48 52
Average Consistency Average Consistency Average Consistency
93.5% 90% 88.5%

In many respects, these data on individual differences in multimodal integration
patterns present an ideal opportunity for adaptive processing, since users are divided
into two basic types, with early predictability and high consistency in their integration
pattern. Furthermore, recent work has indicated that users’ natural dominant integra-
tion pattern, whether simultaneous or sequential, spontaneously remains stable over
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extended time periods [5]. In addition, their dominant integration pattern is resistant
to change even when a strong training contingency is delivered [6].

1.2 Goals of This Study

The present research assesses whether an individual’s natural dominant multimodal
integration pattern, either simultaneous or sequential, can be changed via explicit in-
structions. It also examines whether this changed pattern then remains stable during a
longitudinal follow-up one month later. It was predicted that: (1) most users would
switch their integration pattern if explicitly instructed to do so (from simultaneous to
sequential, or vice versa), with younger adults more likely than elderly ones to
change. One related goal was: (2) to investigate how gradual or abrupt this change in
patterns would be as people consolidated their new integration pattern. During the
longitudinal follow-up, it was hypothesized that: (3) some users would revert to their
natural integration pattern, with elderly users more likely to do so than younger ones
due to memory limitations and greater individual differences [2,3]. It also was ex-
pected that: (4) elderly users would be more likely to report having forgotten the
original instruction than younger ones. Finally, it was hypothesized that: (5) one by-
product or “cost” of attempting to change people’s natural integration pattern,
whether this attempt was successful or not, would be to destabilize or reduce the
overall consistency of their pattern.

The long term goal of this research is the development of empirically-based models
on users’ multimodal integration patterns, which will be needed for deriving optimal
temporal thresholds for signal fusion in a new generation of time-sensitive multimo-
dal architectures. One expected outcome of such work is the design of high-
performance multimodal systems that are capable of adapting to a full spectrum of di-
verse users, thereby supporting more tailored and robust multimodal systems.

2 Methods

2.1 Participants, Task and Procedure

There were 16 participants, 6 elderly adults 66-89 years of age, and 10 younger adults
18-61 years of age. Among the elderly 4 were female and 2 male, whereas the young
adults included 6 females and 4 males. All participants were native English speakers
and paid volunteers and represented varied professional backgrounds. They were
healthy and physically active, had no major physical limitations or cognitive impair-
ments, and were not on medications known to influence speech or motor performance.

Participants were instructed to act as volunteers assisting during a flood manage-
ment exercise. They used a simulated multimodal map system. Instructions from
headquarters were displayed as text near the bottom of their screen. The experimenter
gave them instructions and practice until they were ready to work. Participants were
told that they could use speech and pen input in any way they wished, as long as they
used both modalities for each task. The experimenter’s instructions initially were unbi-
ased with respect to how users could integrate modalities. Then the experimenter left the
room, and the participant completed the first 10 tasks, which constituted an identifica-
tion band to determine their natural dominant multimodal integration pattern.
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Instructional manipulation — After determination of the user’s integration pattern, the
experimenter then reentered the room to check on the user, and explained that she had
forgotten to mention that the system would work best if speech and pen input were in-
tegrated together/separately (i.e., whichever was not their natural dominant pattern).
This was done without making reference to the user’s pattern. If the volunteer had just
been identified as a sequential integrator, then he was instructed to provide speech
and pen fogether, or in an overlapped way. However, if he was identified as simulta-
neous, he was instructed to complete one input mode before starting the second so
they would not be presented at the same time. If the volunteer asked, he was told that
it did not matter which mode was used first. To one subject, for example, whose
dominant integration pattern was simultaneous, the experimenter said “I forgot to tell
you something. I was talking to the programmer, and the system actually works best
if you give your spoken and pen input not overlapping; so do one, then do the other.
It doesn’t matter which one you do first.” Following this instructional intervention,
the experimenter watched while the participant completed one task correctly as in-
structed. Then she left the room and the participant completed another 82 tasks while
working alone for about one hour.

Longitudinal follow-up — One month after their initial session, each participant re-
turned for a second one. After a brief reorientation and practice using the same sys-
tem, they completed 83 tasks while working alone for about one hour. On this visit,
no instructions were given on how to integrate speech and pen, and no mention was
made of the previous instructions they received during their earlier session.

Post-experimental Interview — An oral interview was conducted by the experimenter
at the end of the second longitudinal session to determine whether participants were
aware of their own integration pattern, and whether they recalled the experimenter’s
instructions. Participants also were debriefed on the purpose of the study, and it was
confirmed that everyone believed they were interacting with a fully functional system.

Simulation Technique — Data collection was accomplished using a dual-wizard high-
fidelity semiautomatic simulation technique, as described in previous work [6], with a
simulated recognition error rate of 20% throughout each session.

2.2 Research Design, Data Capture and Coding

The research design involved an initial identification band phase, during which a
user's dominant multimodal integration pattern was classified based on the first 10
tasks. After this, the user received the main instructional manipulation, which entailed
giving different instructions depending on what the user’s dominant pattern was, as
described above. The main data collection phase followed, with a second longitudinal
session following one month later. The experimental design involved two within-
subject factors: (1) Longitudinal session (first, second) and (2) Age group (younger,
elder). Both sessions and the interviews were videotaped, and multimodal integration
patterns, consistency levels, and self-report data then were analyzed as such:

Integration Pattern Classification— All multimodal constructions were classified as
either simultaneous or sequential in their temporal integration pattern. A multimodal
construction was simultaneous if the gesture and speech components were executed
with any portion temporally overlapping. A multimodal construction was considered
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sequential if the gesture and speech contained no overlap, and instead a temporal lag
was present between the modes. Based on a subject’s percentage of simultaneous ver-
sus sequential integration patterns for a given session, that person’s session also was
classified as either a simultaneous (M) or sequential (Q) dominant integration pattern
if 60% or more of the constructions for that session represented that pattern, and as
non-dominant (ND) if the 60% criterion was not reached for either pattern (i.e., fal-
ling between 40-60% consistency range). The dominant pattern identified during a
person’s baseline identification band (i.e., before instructions) was termed their natu-
ral integration pattern. If a person responded to instructions by reversing their inte-
gration pattern, this was termed the instructed integration pattern.

Integration Pattern Change Score— For a given participant, change scores were calcu-
lated between the subject’s percentage of constructions delivered in their natural inte-
gration pattern as defined during the identification band, and the percentage of con-
structions delivered in that same pattern on a later session following instructions (i.e.,
either session 1 or 2). This change score was computed by subtracting the percentage
on the later session from the original baseline (e.g., %ID - %Session 1).

Integration Pattern Consistency— The percentage of a person’s total constructions de-
livered in their dominant integration pattern was calculated for a given session.

Post-Experimental Interview — Participants’ responses to interview questions were
summarized as a percentage within each category.

2.3 Reliability

The dual-wizard simulation technique permitted real-time identification and logging
of users’ integration pattern throughout the session, and previous analyses have re-
vealed it to be 99% accurate when compared with hand codings [9]. Participants’
multimodal integration pattern during the baseline identification band was hand veri-
fied. The integration pattern for all multimodal constructions throughout the rest of
the participants’ sessions also was calculated by measuring the start and end of both
the speech and pen signal, and programmatically identifying overlap (simultaneous)
or lag (sequential) between the two signals. Measurements of start and end of the
speech and pen signals were compared between coders for 6% of the data in the first
session, and over 80% matched to within 0.1 second.

3 Results

Analyses were based on longitudinal data from approximately 2770 multimodal con-
structions, including 1740 from younger adults and 1030 from elderly adults.

3.1 Changes in Dominant Integration Pattern

Of the sixteen subjects, all displayed a clear dominant multimodal integration pattern
during their identification band - their first ten constructions. Fourteen were identified
as simultaneous integrators, and two as sequential. Following the explicit instructional
manipulation, twelve subjects or 75% reversed their integration pattern during session
1 as expected. One dropped below the 60% threshold for dominance, but did not actu-
ally switch to the reverse pattern completely as instructed. The remaining three sub-



266 S. Oviatt, R. Coulston, and R. Lunsford

jects never changed their dominant integration pattern at all. These data are summa-
rized in table 2. Of the elder adults, four out of six (67%) switched integration patterns
but two did not (33%), whereas eight out of ten younger adults switched (80%) and only
two did not (20%). An analysis of the integration pattern change score between the ID
band and session 1 for younger versus elder adults revealed that these two groups were
not significantly different by Wilcoxon Rank Sum test, z < 1, N.S., one-tailed.

Table 2. Dominant multimodal integration pattern and percentage consistency for each elder or
younger adult during their ID band, first session, and second follow-up session, with
consistency levels broken down by first versus second half for the main sessions [M-
Simultaneous; Q-Sequential; ND-No dominant pattern]

ID Band Session 1 Session 2
Subject Natural Dominant Dominant
Dominant Pattern 1st half 2nd half Pattern 1st half 2nd half
Age Pattern (Overall) (Overall)
79 M (100.0%) Q (81.7%) 82.9%  80.5% M (80.3%) 85.7%  75.6%
71 M (88.9%) Q (95.1%) 97.6%  92.7% M (61.4%) 81.0%  41.5%
78 M (100.0%) Q (66.3%) 57.1%  75.6% M (91.6%) 85.7%  97.6%
66 M (80.0%) Q (81.5%) 78.6%  84.6% Q (89.2%) 83.3%  95.1%
69 M (90.0%) M (83.8%) 81.1%  86.5% M (96.2%) 97.4%  94.9%
89 M (100.0%) M (67.5%) 73.8%  61.0% M (85.2%) 85.0%  85.4%
Elder Avg 93.2% 79.3% 78.5%  80.1% 84.0% 86.4%  81.7%
26 M (100%) Q (86.7%) 88.1% 854% | ND (56.6%)M  42.9%  70.7%
61 M (70%) Q (79.5%) 83.3%  75.6% M (60.0%) 42.5%  77.5%
45 M (100%) Q (82.9%) 78.0%  87.8% M (97.6%) 95.2%  100.0%
27 M (100%) Q (85.0%) 80.5%  89.7% Q (97.3%) 100.0%  95.1%
19 M (80%) Q (98.8%) 97.6%  100.0% Q (98.8%) 100.0%  97.6%
23 M (100%) Q (100.0%)  100.0% 100.0% Q (100.0%)  100.0% 100.0%
18 M (100%) Q (94.0%) 88.1%  100.0% Q (100.0%)  100.0% 100.0%
53 Q (70%) M (91.6%) 85.7%  97.6% M (91.5%) 87.8%  95.1%
33 M (100%) M (96.4%) 97.6%  95.1% M (98.8%) 97.6%  100.0%
19 Q (70%) ND (51.25%)0 55.0%  47.5% M (100.0%)  100.0% 100.0%
Younger Avg 89.0% 86.6% 85.4% 87.9% 90.1% 86.6%  93.6%
Overall Avg  90.6% 83.9% 82.8% 85.0% 87.8% 86.5% 89.1%

By the second longitudinal session one month later, figure 1 illustrates that only six
of the twelve participants who had initially switched their dominant integration pat-
tern (i.e., 6 of original 16) continued with this instructed pattern, or just 37%. Five
others reverted back to their natural integration pattern (i.e., 5 of 16), or 31%, and the
remaining person reverted back partially but fell within the non-dominant zone. Of
the 3 participants who had maintained their natural integration pattern during the first
session (i.e., 3 of 16), all or 19% continued to maintain this pattern during the longi-
tudinal follow-up. The last person, who had partially switched patterns during the first
session but remained within the non-dominant zone, eventually did switch to the in-
structed pattern in a delayed manner during the second session.

With respect to differences between elder and younger adults on the longitudinal
follow-up, three of the four elders, or 75% of those who had switched to the instructed
pattern during the first session reverted back to their natural pattern. In contrast, only
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two of the eight younger adults, or 25% who had switched, reverted back. As shown
in figure 2, by the second session, six out of ten younger adults were displaying the
instructed integration pattern as their dominant one (60%, as compared with 80% on
session 1), whereas only one of six elderly adults did so (16.5%, as compared with
67% on session 1). An analysis of the integration pattern change score between the ID
band and session 2 for younger versus elder adults revealed a significant difference
between the two groups by Wilcoxon Rank Sum test, z = 1.37, p < 0.05, one-tailed.

Other
13%
Switched &
Never Stayed (SS)
Switched 37%
(NS) 19%
Switched &
Reverted
(SR) 31%

Fig. 1. Percentage of all participants who switched to the instructed integration pattern and
maintained it through the longitudinal follow-up (SS), switched but reverted back to their natu-
ral integration pattern (SR), or never switched from their natural integration pattern (NS)

100%
80%
80%
67%
z 60%
S 60% |
g= O Younger
3]
:: 40% MW Elder
&
20% | 17%
0%
Session 1 Session 2

Fig. 2. Percentage of younger versus older adults who displayed instructed integration pattern
on session 1 and session 2

3.2 Changes in Consistency of Integration Pattern

Table 2 (see preceding page) summarizes participants’ dominant integration pattern
M, Q, ND) and also their average consistency level during the identification band,
session 1, and session 2. Since one hypothesis was that the instructional intervention
itself might destabilize people’s integration pattern and result in reduced consistency
of this pattern, this was evaluated in the results. As shown in table 2, participants’ av-
erage consistency level during the identification period was 90.6%, which decreased
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to 82.8% immediately following instructions in the first half of session 1, a significant
drop by Wilcoxon Signed Rank test, T+ = 90, N = 15, p < 0.05, one-tailed. A follow-
up within-subject comparison by age group revealed that elderly adults’ average inte-
gration pattern consistency decreased from 93.2% to 78.5% between the identification
band and first half of session 1, which was a significant drop by Wilcoxon Signed
Rank test, T+ =19, N = 6, p < 0.05, one-tailed. However, younger adults’ decrease in
consistency from 89.0% to 85.4% for this same interval was not a statistically signifi-
cant one, Wilcoxon Signed Rank test, T+ = 28, N = 9, NS, one-tailed. Figure 3 illus-
trates this difference between elder and younger adults in the destabilization of their
integration pattern immediately following instructions.

100.0% : & Instruction
1
1
95.0% T
1
:\ ! / e F
90.0% N1 2 Elder
N —®— Younger
85.0% RN j/ \ -+ - A= Overall
1 A
80.0% ' N——"
1
75.0% : T T T T
Natural : Session 1 Session 1 Session 2 Session 2
Dominant 1st half 2nd half 1st half 2nd half
Pattern :
1

Fig. 3. Progressive changes over time in younger versus elder adults' average integration
pattern consistency level from their initial baseline period through the end of session 2

To assess whether this drop in consistency had returned to the baseline level by the
end of session 2, or whether participants’ integration pattern consistency had recov-
ered by this time, further comparisons were conducted on their average consistency
level during the identification period (90.6%) versus the second half of session 2
(89.1%), which no longer represented a significant decrease by Wilcoxon Signed
Rank test, T+ = 39, N = 12, N.S., one-tailed. A follow-up comparison of elderly
adults’ average integration pattern consistency during the identification period
(93.2%) versus the second half of session 2 (81.7%), revealed that the gap they origi-
nally displayed did not continue to reflect a significant decrease one month later, Wil-
coxon Signed Rank test, T+ = 15, N = 6, N.S., one-tailed. A similar comparison on
younger adults for this same time interval revealed that their average consistency had
returned from 89.0% back up to 93.6%, which actually exceeded their original level.
Figure 3 also illustrates this difference between elder and younger adults in the return
of stability in their integration pattern by the end of session 2.

3.3 Self-report on Integration Patterns

All subjects reported being aware of their integration pattern, although only 12 of the
16 (75%) were correct in reporting whether it was mainly simultaneous or sequential.
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The other four (25%) self-reported the wrong integration pattern. When asked
whether their integration pattern had changed between the first and second sessions,
six people (38%) reported correctly but another nine (56%) were wrong about
whether their integration pattern changed and one (6%) did not remember.

When asked whether they remembered the instruction in session 1 about how to in-
tegrate the two input modes, 9 of 16 subjects (56%) correctly recalled that the ex-
perimenter had asked them to change their integration pattern and what the instruction
had been. The other 7 (44%) either did not remember receiving an instruction at all or
failed to remember what it was. In addition, for 63% of participants the ability to re-
call instructions correctly corresponded with having switched and/or maintained their
integration pattern accordingly by session 2. Among younger adults, 50% correctly
recalled the original instruction, although 67% of the elderly actually remembered it,
which clearly did not support the interpretation of greater selective forgetting among
the elderly group.

4 Discussion

This research underscores that future multimodal systems need to accurately model
users’ existing natural integration patterns, rather than naively assuming that instruc-
tions can prompt users to adopt a particular style that may be easier for the system to
process. Only 37% of users in this study switched their natural integration pattern to
the instructed one and maintained it one month later, whereas 19% never switched
their natural pattern at all, and another 31% switched but then reverted back to their
natural pattern during the follow-up session. That is, permanent switching was un-
common in spite of the fact that all users had demonstrated their understanding of the
experimenter’s original instruction by composing an appropriately integrated con-
struction. However, the self-report data indicated that 25% of users were not aware of
what the temporal organization of their multimodal communication had been over the
last hour, and 62% of users either failed to recall or incorrectly remembered whether
their integration pattern had changed from session 1 to 2. These data on users’ limited
awareness of their multimodal integration patterns at least partially explain why ex-
plicit instructions were so ineffective in prompting the desired change.

As illustrated in figure 2 and confirmed by the analysis of younger and elderly
adults’ change scores between their baseline and session 2, elderly users also were
significantly less likely than younger ones to switch and maintain the instructed inte-
gration pattern. By the longitudinal follow-up, only 16.5% of the elderly still main-
tained the instructed pattern, whereas 60% of younger adults did so. Perhaps surpris-
ingly, self-report data did not support the interpretation that the elderly forgot the
instructions more frequently than younger adults. They simply were more likely to ei-
ther persist or to revert back to their natural dominant pattern. In addition, a signifi-
cant temporary destabilization of participants’ integration pattern was a cost of at-
tempting to instruct them to change their natural pattern, as shown in figure 3. There
was a significant drop in elderly adults’ average consistency level from 93.2% during
their baseline period to 78.5% immediately following instructions on the first half of
session 1. By the second half of the longitudinal follow-up, their consistency level had
climbed back up to 81.7%, which no longer represented a significant departure from
baseline. Although younger adults were not completely immune from the destabiliz-
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ing impact of instructions, they nonetheless were not significantly disrupted by them
to the same extent as the elderly.

Taken together, these results underscore that a user-centered design perspective is
needed to guide successful multimodal system development, since (1) the majority of
users cannot be expected to change their natural multimodal integration pattern to suit
system processing capabilities, and (2) attempts to change their pattern incurs a cost
by destabilizing user-system interaction. The present data also clarify that user-
centered design is more critical for elderly users, since they are less likely to adapt to
the system, and also are more adversely affected by attempts to instigate change in
their interaction patterns. These results have implications for the effective design of
“aging-in-place” and other emerging elder interfaces.

The long-term goal of this research is the development of empirically-based mod-
els on users’ multimodal integration patterns. Such models will be needed for deriving
optimal temporal thresholds for signal fusion for a new generation of time-sensitive
multimodal architectures. One outcome of such work will be the design of high-
performance multimodal systems that are capable of adapting to a full spectrum of di-
verse users, thereby supporting more tailored and robust multimodal systems.
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Abstract. Adaptive information systems typically exploit knowledge about the
user’s interests, preferences, goals etc. to determine what should be presented to
the user and how this presentation should take place. When dealing with mobile
users, however, information about their motions—the places visited, the duration
of stays, average velocity etc.—can be additionally exploited to enrich the user
model and better adapt the system behavior to the user’s needs. This paper dis-
cusses the use of positioning data and background knowledge to achieve such a
motion-based adaptation of information provision.

1 Introduction

“Conventional” adaptive systems tend to characterize their users in terms of their prefer-
ences, interests, goals, etc. Location-aware systems additionally use the user’s position
to provide information or support that is somehow associated with a geographical point.
When dealing with mobile persons, an additional, rich source of information about the
user becomes available (at least in principle): the user’s motion itself that lead her to
her current position.

A motion profile derived from observations about the user moving in the physical
space can reflect both the sequence of places visited by the user before reaching the cur-
rent position—at various levels of abstraction—and additional features of the movement
itself. The latter can be used to infer user characteristics such as her degree of commit-
ment to a certain goal, her cognitive load and so forth. Combining both aspects of the
motion profile, a mobile application can determine both what information (or service)
is most appropriate to the user in the given situation and how it can (or should) be pre-
sented to her. This paper presents a machine-learning approach to the computation of a
two-part motion profile from low-level position data as provided e.g. by GPS receivers.

2 Related Work

Hidden Markov Models (HMMs) are a standard technique to the characterization and
description of users’ typical motions. While the straightforward application of HMMs

! Throughout this paper, users will be referred to in the female form.
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as in [1] leads to problems when trying to relate the observations to higher-level goals,
hierarchical HMMs as used in [4] overcome this limitation using a hierarchy of abstract
goals associated with places and trip segments.

In the HIPS system [3] information about the user’s movements in physical space is
exploited to adapt the presentation of pieces of art to the user’s preferences. Similar to
our approach described below, two aspects of the user’s motions are taken into account:
the set of artworks visited before and the user’s visifor style—one of a collection of
four patterns characterizing the typical behavior of most museum visitors in general,
but neglecting the concrete location.

One of the purposes of characterizing the user’s motion is to determine her current
attentiveness. Other approaches rely on data derived e.g. from her speech input (such
as articulation rate, disfluencies etc.) [5]. While this provides additional relevant in-
formation about the user, we will concentrate on location- and motion-related aspects
here.

3  Computing a Motion Profile

Let S = {(p1,...,pn) be the sequence of positions passed by the user where p; =
(24, Yi, 2i, t;). In the case of GPS data, x; and y; correspond to latitude and longitude
values, respectively, z; measures the current elevation, ¢; is a time stamp.2

A motion profile M Pg = (mod,(S), mod,,(S)) based on S consists of two compo-
nents. mod,,(S) encodes properties of the various positions contained in S. mod,, (5),
on the other hand, characterizes the motion itself—without referring to the positions
actually visited—in terms of abstract features and mainly serves the purpose to form
the basis for adapting the information presentation.

The ultimate objective of modeling the user’s motion is to derive recommendations
of what information might become relevant to her in the foreseeable future. In the con-
text of location-based information systems, the relevance of some piece of information
is connected to the places a user is likely to visit. In order to arrive at a reliable esti-
mation of this relevance, there basically exist two different approaches. We can either
compare the user’s behavior to that of other users, thus deriving a kind of collaborative
recommendation or produce a prediction model based on structural properties of the
user’s motion itself.

Collaborative Recommendation Rules. Assume we are given some background
knowledge in the form of annotations to the locations a user has visited. This knowledge
comes in the form of unique identifiers for the various GPS coordinates (e.g. “Kultur-
cafe”) or additionally contains classification information about the type of this place
(e.g. restaurant, department store).

In either case, the user’s motion history S can be reduced to the set of (named)
locations or location types visited. Collecting such information across all users allows
the derivation of association rules using standard techniques known from market bas-

% Due to lack of space, preprocessing steps required to cope with imprecise or incorrect mea-
surements will not be discussed here.
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ket analysis (e.g. the well-known a-priori algorithm or the CAPRI algorithm in case
the temporal order of visits is additionally taken into account). Depending on the back-
ground knowledge available, these rules then have the form

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

— “If the user has visited a shoe shop and a department store, then she will also visit
arestaurant.” (confidence = 27%, support = 145).

Confidence and support are measures for the quality of such rules that represent their
accuracy and the number of occurrences in the past, respectively.

Given these rules, information items connected to the places or types of places oc-
curring in the conclusions can be considered relevant, the reliability of these estimations
being determined by the rule quality measures. mod,,(.S) in this case corresponds to the
set of rules applicable.

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

The basic idea is to collect a number of motion sequences in a certain area and then
determine clusters of similar motions. Each cluster then represents a particular type of
navigation behavior that differs significantly from the others. To this end, we need a
distance measure between motion sequences.

Let S1 = (pgl), ...,p%”) and Sy = (pEQ), ...,pﬁ,?) be motion sequences. Then the
distance between S; and S can be defined as

dists(S1,52) = we - min(dist.(S1,S2),diste(S2,51)) + w, - disorder(Sy, S2).

Here dist.(S1,S2) corresponds to the edit distance between both sequences.> The

&) 1)

disorder measure adds a penalty for each pair of positions p; * and p; ', that are

mapped onto positions p,(f) and pl(Q), resp., where tl(Q) < t,(f), i.e. where the tempo-

ral order in So differs from that in S;. w,. and w, are weights controling the influence
of both factors on the overall distance measure. In particular, w, can be set to 0 if the
directions of motion sequences can be ignored, i.e. whenever it is irrelevant whether the
user is moving from A to B or in the opposite direction.

With a distance measure defined this way, it is possible to determine clusters of
similar motion sequences using an algorithm such as k-means. Each cluster can be
compactly represented by its medoid, the element with the smallest average distance to

3 The edit distance dist, (S1,52) is a concept known e.g. from string comparisons. It mea-
sures the minimum number of operations required to transform Si into S> where each
such operation contributes a certain “penalty” to the overall distance measure. See e.g.
www.csse.monash.edu.au/"lloyd/tilde AlgDS/Dynamic/Edit.
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Fig. 1. Typical motion patterns in a city (left) and the medoids of three clusters (right)

all cluster members. Figure 1 depicts a set of motion sequences observed (left) and 3
cluster medoids found in these data (right).

Given this compact representation of all the training sequences, a newly observed
sequence Sy can be efficiently classified by computing its distance to all medoids avail-
able and associating it with the nearest one. Note that the cluster membership of .Sy can
change over time and thus has to be re-confirmed regularly.

This classification—including the set of visited places predicted—then constitutes
my(.9), the location-dependent part of the motion profile. Preselection of relevant infor-
mation can either take place by searching for information associated with the locations
predicted by the cluster membership or by combining this prediction with the recom-
mendation rules as discussed above, thus applying an additional filter to the candidate
information items.

Abstract Motion Features. As mentioned above, the HIPS project [3] distinguished
between only 4 prototypical motion patterns specific to museums. In order to be able to
appropriately address a wide spectrum ranging from people strolling leisurely through
a pedestrian zone to people searching for a certain place under great time pressure, it is
necessary for the system to reliably identify these different types of behavior.

The criteria for this distinction can be directly derived from a motion sequence S.
They characterize motion sequences in terms of loops (including average duration and
velocity, frequency per km etc.), stays at certain positions (average duration, prevalent
type of places visited etc.), and deviations from the previous direction, measured at var-
ious time scales. Additional information such as the local weather can help to correctly
interpret the values so determined. Rainfall tends to speed up even the most relaxed
ambler.

Once a sufficient number of such feature vectors resulting from observed motion
sequences is available, standard machine-learning algorithms can be applied to iden-
tify classes of mobile users that can then be used to classify the user currently being
observed.

Knowledge about the user’s class membership can be used to adapt the presenta-
tion of the information determined on the basis of mod,(S) to her estimated cognitive
load, attentiveness, estimated time pressure etc. (see also [5]). Information that appears
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inappropriate in the current situation can be filtered out. For example, even the most
relevant product offer is little helpful when the user is obviously speeding up to try and
catch her bus.

An Application Scenario. The techniques introduced above are currently being inves-
tigated in the context of a project dealing with the installation of numerous WLAN
hotspots throughout the city center of Saarbriicken. The basic idea is to provide the
mobile user with up-to-date information about the closer neighborhood of her current
position. As these hotspots do not cover the entire city, there are regions in which the
user is disconnected and no high-level information about her interests can be gathered
(while at the hotspot, her browsing behavior is a rich source of information). While
walking in those parts not covered with WLAN, it is still possible to collect informa-
tion about the user. These profiles are then used to provide a personalized collection
of information items such as news regarding the user’s current environment, navigation
aids, or marketing messages from stores in the neighborhood.

4 Conclusions and Future Work

We presented an approach to the personalization of location-based information services
for mobile users based on the observation and classification of their motions in space.
The motion profiles determined using a variety of machine-learning techniques serve
the purpose to both identify what information might be relevant to the user in the current
situation and find out how this information can be best presented to her.

While the WLAN-based information service mentioned above is an obvious can-
didate for the application of such techniques, the overall goal is the integration of the
motion-profile approach into SPECTER [2], a context- and affect-aware mobile personal
assistant in particular for instrumented environments. It aims at observing and recording
as much as possible about its user—including actions, emotions, and movements—in
order to create a kind of episodic memory called personal journal. The latter serves the
purpose to support the user in information access and decision making. The experience
from the WLAN project will help limit the number of features that have to be recorded
in order to arrive at a reliable classification.

Acknowledgments. This research was supported by the German Ministry of Education
and Research (BMB+F) under grant 524-40001-01 IW CO03 (project SPECTER).
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Abstract. This paper explores an original approach to overcome cur-
rent issues in the use of mobile devices, such as limited screen space
and interaction modalities, based on exploiting interface adaptation and
adaptive techniques. Specifically, the paper describes the application of
this approach to a web searching prototype, which collects usage data to
model interaction and provide a personalized version of the web facility
visited by the user.

1 Introduction

Mobile devices can provide many potential benefits, such as: ubiquity, portability,
context exploitation, and democratization of information systems. However, they
have also proved to bring costs and design challenges, mostly related to some of
their inherent limitations like small output space, constrained input modalities,
memory, network, disk space, energy-supply limitations. Recent studies have
tried to tackle the issues of device input-output limitations by exploring the
application of adaptive techniques to the context of mobile devices [5]. Most of
the solutions proposed suggest the construction of complex representations to
describe users interests on a certain topic (e.g., books, hotels, electronics), to
predict their goals, as well as to modelling their knowledge through machine
learning and pattern matching algorithms. By contrast, the approach proposed
here suggests to base personalization on usage data that, similarly to the work
presented in [4], are derived from the analysis of how interface elements are
used during interaction. The idea behind this is to enable both users and system
to gradually adapt the web facility visited, in order to maximize their rate of
gaining valuable information, when accessing it through a mobile device [9]. More
precisely, the aim is to arrive at presenting the user with a minimal subset of
the available information that is the most relevant for the task at hand (thus

* Work supported by the DELOS Network of Excellence on Digital Li-
braries (http://www.delos.info) and the MIUR-FIRB "MAIS” (http://www.mais-
project.it).
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optimizing display resources) as well as to reduce the amount of typing and
clicking required to carry out the tasks (thus saving input effort). The rest of
the paper is organized as follows: Section 2 introduces some related studies on
interface adaptation for small screen devices. Section 3 sketches our adaptation
approach that has been partially implemented into the prototype described in
Section 4. Section 5 provides conclusions and future directions.

2 Related Work

Interesting contributions, relevant to our work, have recently been provided from
different research areas. Among studies in the field of screen real estate, Brew-
ster [1] has investigated the idea of enhancing interaction with non-speech sound,
that has consisted on attempts to reduce the size of screen objects and replace
the lack of visual feedback with audio feedback. In [3], Power Browser exploits
the idea of page summarization, since the content of a standard web page is
provided together with a hierarchical list of links extracted from current and
subsequent pages. From the area of usability studies on small screen devices a
comparative study on PC, PDA, and cell phone devices [8] has shown that the
way small screens affect performance, strongly depends on the success of the
adopted strategy: when users find the right information they do it in compa-
rable time, when they fail they fail badly. Further contributions from adaptive
hypermedia research have demonstrated that adaptivity can offer great potential
to overcome the limits of mobile devices, by offloading to the system some of
the burden related to search and browsing. Adaptive stretch text is addressed
to saving screen space [2]. Some page fragments can be collapsed or expanded
according to a user model, so that only interesting information are fully dis-
played, while the rest is maintained in a compact format, although it remains
still accessible if required [6]). Finally, in [10] an adaptive web portal is proposed
which monitors the users selection of menu items of a WAP service to promote
frequently used menu items to become more easily accessible.

3 The Overall Adaptation Strategy

In this section we focus our attention to a common usage pattern: searching
information within a web site, and take this as reference to point to sources of
user input user interface adaptations.

Sources of User Input. We consider four types of user input: Requests for
sorting: the user sorts the result according to some criteria (e.g., order books by
price); Form input: the user inputs parameters in the form to guide the search;
Further actions: the user is on the details page and selects further actions to
request services (e.g., reserve the hotel), ask for related objects, activate pro-
cedures; Ezplicit requests for adaptation: the user selects some parameters to
adapt the user interface explicitly. For instance, she/he requests the system to
display results without including images.
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Adaptations. On the basis of this user input, we envision the following potential
adaptations: Push-forward/pull-back: User interface objects can be moved up or
down in the navigation hierarchy according to usage frequencies. Those that
are rarely used can be pushed forward to a page one step away, so that screen
space can be saved, while those frequently used can be pulled back to permit
early access; Defaulting: In the input page the system can provide defaults for
frequently used form elements, automatically selecting parameters and filling
text fields; Filtering: Information considered not relevant for the specific user or
for the current task can be filtered out; Sorting: In the result list the results can
be ordered according to some criteria; Level of detail: Objects can be represented
at different levels of detail (e.g., different resolution/size)

All the adaptations have the potential to enhance the interaction either by
saving screen space or limiting requests for user input. In order to detect effective
combinations, it is necessary to find adaptations that prove useful and do not
affect usability, and find the right combination of user input and adaptations. In
the reminder of the paper we focus our attention on the combination of explicit
requests for adaptation and filtering.

4 Filtering Out Information with Interaction-Based
Adaptation

We developed a system that accepts explicit input for adaptation when searching,
and accordingly adapts the format of the result list filtering out unwanted item
attributes. The prototype is a web based mobile access to the Amazon.com
book search facility !, and it is organized around the pattern described above.
As shown in Figure (1), when the user accesses the web site, she/he is presented
with an input form to search books by keyword and an option to ask for an
adapted result list. If the adapted result option is selected, the system chooses a
set of item attributes to display and uses it to display the result. Then, the user
can either move on a detail page, request a new search, or refine the current one
and, in the latter case, she/he can ask a different set of features to display.

The user interface has been designed by taking into account the usability
principles for adaptive user interfaces suggested by Hodk in [7]: controllability,
predictability, transparency. In accordance with these principles we have designed
our system with the following design criteria: (i) The user can always use a com-
pletely non-adaptive search as a way to support controllability; (ii) The adapta-
tion can be previewed as a way to alleviate low predictability problems; The user
can access a history of past selections and see their ranking as a way to support
transparency.

The user model relies on the frequency of selected combinations: every time
an adaptation preference is issued, the system stores it, recording how many
times and when the user has issued it. Our model resembles the one proposed

1 The prototype is publicly accessible at the following address: http//www.dis.
uniromal.it/~madui/. It has been tested with Nokia phones and HP PDAs.
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Fig. 1. The results adaptation pattern: (a) keyword search and option for requesting
an adaptive result; (b) the user can preview the adaptation parameters selected by the
system and eventually change them; (c) the adapted result lists displays the items with
the selected features

by Debevc et al. in [4], where the frequency of selections of URLSs is recorded to
present an adaptive list of visited web sites.

For each attribute we draw the following measures: Total Frequency (TF):
the total frequency of a selection from the first time the system has been used;
Recent Frequency (RF): the frequency of selections made in the lapse of time
going from the last time the service has been used back to the last K sessions;
Session Frequency (SF): the frequency of selections made in the current session.
The adaptations come in two fashions: within sessions and between sessions.
When a new session starts, the system proposes adaptations based on the whole
history of user’s interaction. While in the current session, it proposes adaptations
that give more relevance to the choices made within it. In order to achieve the
proposed behavior, we need two values, as shown in the following; we start by
the Between Sessions value: BS = 8TF +~vyRF where 0 < 3 <1,0<~ <1, and
B+~ = 1. The value BF is obtained by summing the value of the total frequency
(TF) and the recent frequency (RF), properly weighted with the values 5 and ~,
set by the system administrator. The rationale behind this is that TF takes into
account the whole history of the system and gives relevance to combinations that
are often repeated in the long term. In other words, it privileges patterns that
steadily recur during time. Recent Frequency on the other hand carries weight
in the case the user begins to adopt a new strategy that will be maintained for
the future. If we have not this parameter, these changes may take too long to
show up. Of course, a higher value of v makes the value TF more sensitive to
the recent user’s behavior.

When the user is in the middle of a running session the following values is
used: WS = aSF+ (BTF +~RF where0< <1, 0<~y<1l,anda+g+~v=1.
It is the weighted sum of session frequency (SF) total frequency and recent
frequency. The rationale here is that we want to give relevance to departing
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behaviors within a single session. The session frequency counts for a fraction «
to consider this aspect. Obviously, a higher value of o makes the value WS more
sensitive to the user’s behavior in the current session.

5 Conclusion and Future Work

This paper has proposed and described an approach that exploits interaction and
usage data (e.g., how the user uses interface elements, selects parameters, inputs
data, and navigates among pages) in order to optimize small screen usage and
how the user interacts with a mobile device. Plans are underway for evaluation
studies corresponding to the forthcoming new level of system development to
provide some quantitative evaluation results and to run user studies based on
long term usage adaptations. Finally, we are also planning to extend the current
prototype with some of the adaptation techniques described in Section 3 that
are not part of the system yet.

References

1. Stephen Brewster. Overcoming the lack of screen space on mobile computers.
Personal Ubiquitous Comput., 6(3):188-205, 2002.

2. Peter Brusilovsky. Adaptive hypermedia. User Modeling and User-Adapted Inter-
action, 11(1-2):87-110, 2001.

3. Orkut Buyukkokten, Hector Garcia-Molina, Andreas Paepcke, and Terry Wino-
grad. Power browser: efficient web browsing for pdas. In Proc. SIGCHI Conference,
pages 430-437. ACM Press, 2000.

4. Matjaz Debeve, Beth Meyer, and Rajko Svecko. An adaptive short list for docu-
ments on the world wide web. In Proc. Conference on Intelligent User Interfaces,
pages 209-211. ACM Press, 1997.

5. Josef Fink and Alfred Kobsa. User modeling for personalized city tours. Artif.
Intell. Rev., 18(1):33-74, 2002.

6. Kristina Hook. Evaluating the utility and usability of an adaptive hypermedia
system. In Proc. Conference on Intelligent User Interfaces, pages 179-186. ACM
Press, 1997.

7. Kristina Ho6k. Steps to take before iuis become real. Journal of Interacting with
Computers, 12:409-426, 2000.

8. Matt Jones, George Buchanan, and Harold W. Thimbleby. Sorting out searching
on small screen devices. In Proceedings of the 4th International Symposium on
Mobile Human-Computer Interaction, pages 81-94. Springer-Verlag, 2002.

9. Peter Pirolli and Stuart Card. Information foraging in information access environ-
ments. In Proc. SIGCHI Conference, pages 51-58. ACM Press/Addison-Wesley
Publishing Co., 1995.

10. Barry Smyth and Paul Cotter. The plight of the navigator: Solving the navigation
problem for wireless portals. In Proc. Conference on Adaptive Hypermedia and
Adaptive Web-Based Systems, pages 328-337. Springer-Verlag, 2002.



Adapting Home Behavior to Its Inhabitants

Berardina De Carolis

Dipartimento di Informatica -Universita di Bari
http://www.di.uniba.it/~nadja

Abstract. In this paper, we propose a multiagent system for simulating the con-
trol of an intelligent home able to adapt its behavior to the user situation. Cen-
tral to the adaptation process is the concept of influence sphere that is defined in
function of the type of service it provides to house inhabitants (i.e. comfort, se-
curity, entertainment, etc.). Each influence sphere is controlled by a Supervisor
Agent (SA) that is responsible for taking decisions relative to that scope. Deci-
sions about actions involve device behaviors that, in our system, are controlled
by Operator Agents (OAs). Each OA is responsible for deciding the utility of an
action in the current user context. Then, according to this organization, the ad-
aptation process is performed at two levels: globally for the relevant influence
sphere and locally at the device level.

1 Introduction

An intelligent home aims at handling the house control and management from several
points of view (security, communications, comfort, power saving, ...) with the main
objective of making inhabitants life easier. However, most of the time, solutions to
this problem result in using new complex remote controls or a new computer-based
interfaces and this does not always produce an improvement of the quality of interac-
tion. Changing this trend and making home automation systems more accepted and
spread through different user categories and type of services, in our opinion, requires
creating environments in which technology interacts with the user in a transparent and
unobtrusive way. This goes in the direction of Weiser’s vision, in which the technol-
ogy is going to be “invisible, everywhere that does not live on a personal device of
any sort, but is in the woodwork everywhere” [8].

AMbient Intelligence (AMI) solutions may help in making the house services frui-
tion easy, natural and adapted to the user needs [5]. In the AMI information technol-
ogy paradigm, people will be surrounded by intelligent and intuitive interfaces em-
bedded into objects of daily use that will be able to recognize them and answer to
their presence in a transparent way. Then, an AMI environment is composed of inde-
pendent and distributed devices (artifacts) interacting to support user-centered goals
and tasks. The key characteristics of these artifacts are autonomy, distribution, adap-
tation, proactiveness, etc: therefore, in a way, they share the characteristics of agents
[1]. According to this view, we propose a MultiAgent System (MAS) called C@sa'

! The word “casa” in Italian means “home”.
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which is aimed, on one side, at simulating the control of an intelligent home from the
functional point of view and, on the other side, at providing an interface layer for
interacting with the house. As we will see in the rest of the paper, the system adapts
the house behavior to inhabitant’s needs, adjusting the control of devices according to
the considered “Influence Sphere” (IS). An IS is defined in function of the type of
service(comfort, wellness, power saving, etc.) it provides to the house inhabitants.

The paper is structured as follows: the next section shows an overview of the archi-
tecture of our system. Section 3 illustrates how the 3DUI is used for simulating the
house behaviour and how it will be used for evaluation purposes. Conclusions and
future work directions are illustrated in the last Section.

2 Overview of C@sa Architecture

There are several projects concerning the realization of a Smart Home. For instance,
in the MavHome project [4], the house is seen as an intelligent agent that perceives
the environment and acts upon it through the use of actuators. Another example of
intelligent home that uses agent technology is the UMASS simulated [Home envi-
ronment that is controlled by intelligent agents that are associated with particular
appliances (i.e. WaterHeater, CoffeeMaker, Heater, A/C, etc.) [3].

In developing our system, we were concerned about control, simulation and interac-
tion with the home environment not only at a low abstraction level (single appliances
behavior) but also at a higher one, closer to the user needs and goals. If every appli-
ance is controlled by an agent, achieving this aim requires the establishment of a form
of organization in which agents come together to form coherent groups able to
achieve some higher level goals matching user needs and desires. To this aim, central
to the system organization and coordination model is the concept of “Influence
Sphere” (IS). In this phase of the project, we focus the modeling and development of
the system on the Comfort IS since, this type of service, seems appropriate for testing
our approach: achieving comfort involves several devices and, according to several
definition, its perception is highly individual and involves different human senses
(temperature, light, intimacy, sounds, level of noise, etc.) [6]. Then, we will use ex-
amples in this context for explaining how the system works.

In C@sa, each IS is controlled by a Supervisor Agent (SA) that is responsible for
taking decisions for fulfilling user needs related to that scope. Its decisional behavior
is modeled as a Bayesian Network (BN) that, according to the user situation, will be
used to infer which are the possible user goals related to that influence sphere
(Figure 1). Decisions about actions have an impact on device behaviors; to this aim
each device is controlled by an Operator Agent (OA). Then, the global adaptation
process is achieved through the coordination between single OAs and a Supervisor.
OAs are responsible for deciding locally the utility of that action, using an influence
diagram as a decision model (Figure 2), while the SA is responsible for considering
which are the best actions to do in that context according to the answers of OAs and
taking into account user preferences. To this aim, C@sa includes an agent dedicated
to the management of user profiles: the Butler Interactor Agent (BIA). It has been
designed as a kind of user assistant and provides an interface between the house and
its inhabitants; in particular, it knows users’ habits and preferences.
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(IntA) that communicates to the system, on one side, actions that are performed in the
simulated world and, on the other side, the rendering, at the interface level, of changes
decided by Supervisor Agents.

The system has been developed using the JADE [2] framework.

3 Simulating the Interaction

The 3DUI has been created

using 3D Studio Max and then

exported and transformed into

VRML [7].

Figure 4 shows a portion of the * ﬂ

A
=

3DUI where active entities, — Iom—
controlled by operator agents, |©.©

are the internal temperature
sensor, the air-conditioner, the
windows, the light and the hi-fi.

In order to use the 3DUI for
simulation and control pur-
poses, it has been necessary to
establish a connection with
C@sa. This relation works in
two directions: i) when a SA
ask to an OA to execute an action (i.e. to turn on the air-conditioning or to open the
window) it sends a message to the Int4 controlling the 3D World in order to show
this change in the interface. This message will be received by a Java class able to
parse it and to render, at the interface level, what is specified in the message. This
protocol is used also to simulate the house behavior on a set of sensor data represent-
ing the evolution of the context for a time period (a day, one week, etc.). This is im-
portant to test the stability of the decisional model. On the other side, the user that is
simulating or controlling the interaction with the house may want to: i) set some simula-
tion conditions; ii) check the state of a particular device (exact parameters like the temp
of the internal temperature sensor, etc.); iii) change the state of a particular device in
order to simulate what changes as a consequence of a user action. In this case, the 3DUI
interface agent sends an ACL message specifying a state change or the need to read
some state attributes to the OA responsible for that device.

A change has an impact on the decisional behavior of the supervisor agent and op-
erators involved in the control of a certain influence sphere. Actions performed in the
virtual world are collected by the usage model that according to the type of action will
be used to update decision model. In order to understand how these actions impact on
the high level Supervisor decision and/or on the local decision of an Operator agent,
we are running an experiment in order to add a learning capability to our agents. In
particular, we collected a diary of 300 people concerning comfort habits. This data
corpus will be annotated and used as a training set for a learning tool that will be used

|
=l
I

|
|
i

h&&]

Fig. 4. 3DUI showing the air-conditioner cooling the
room
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for understanding which are the relevant relation, for most of people, between com-
fort appliances behaviour and contextual parameters.

4 Conclusions and Future Work Directions

The idea of an house equipped with technical and life-enhancing devices is already
old. What is new in this area is the added value of the transparency and interactivity
of ambient intelligence where, following Weiser’s vision, the technological devices
fade into the background and be embedded into daily objects. In this optics, we have
designed and developed a MAS called C@sa aiming at modeling and simulating the
behaviour of an intelligent home. In particular, we proposed a distributed approach
that tries to satisfy users’ needs and preferences concerning particular service classes.
In this phase of the project we are testing and evaluating the system behaviour using a
simulation 3D interface. The collected data will be used not only for system evalua-
tion by architects involved in the system but also as a set of examples to add a learn-
ing capability to the system, that will be able to refine its decision behaviour on the
basis of the users’ reactions. Furthermore, we started to investigate how to model the
house behaviour in presence of more than one member of the family.
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Abstract. We have developed a scheme for music retrieval that adapts
to the user’s impressions of the musical pieces. First, we conducted
impression-estimation experiments in which 100 subjects gave their im-
pression of 80 musical pieces, and then, using a clustering method, we
classified the 100 subjects into 20 groups based on the results. Next, we
created a user model for each group consisting of formulas for numeri-
cally expressing the impressions and a set of vectors calculated using the
formulas. We then developed a procedure for identifying the most suit-
able model for an unidentified user. Testing of the models and procedure
in an existing impression-based music-retrieval system demonstrated the
effectiveness of the proposed scheme.

1 Introduction

With the rapid development of information and communications technology, a
huge, ever-increasing volume of multimedia data is being provided everyday on
the Internet. A large portion of this data is music-related and image-related data-
bibliographical information, such as the names of pieces, producers, and artists,
and content information, such as songs, melodies, and sketches. Searching for
specific items from the enormous volume of multimedia data is relatively easy
as long as the user can identify the item specifically [1,2,7,11, 14, 16]. However,
users cannot always specifically identify the item they want. Instead, they simply
want an item that matches their preferences, feelings, or mental state, so they are
unable to input retrieval keys that match specific items. Several impression-based
retrieval systems have thus been developed for locating multimedia data such
as musical pieces and images [3,4,5, 6,8, 9,10, 12, 13, 15] that provide a heuristic
means of retrieval enabling the presentation of novel and unexpected items.
Impression-based systems for retrieving multimedia data must deal with two
kinds of variation between individuals [6]: in the impressions of the data and in
the words used to represent the impressions. Conventional studies have focused
on the latter and have defined the relationships between the words and the im-
pressions as a user model. With this approach, the model for a user is either

L. Ardissono, P. Brna, and A. Mitrovic (Eds.): UM 2005, LNAI 3538, pp. 287-296, 2005.
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created through a learning process in which the user specifies the relationship
between impressions of multimedia data used for training and the target impres-
sion words [10,15], or it is created by modifying a model for an average user
prepared beforehand so that the difference between the average user model and
the true relationship that the user has in mind is minimized [4, 5, 6].

We focused on the variation in impressions and developed a retrieval scheme
that adapts to the user’s impressions. The impressions of the retrieved items are
classified into various patterns, and a user model is created for each pattern. The
best model for a user is then identified. We limited the target multimedia data
to musical pieces.

The remainder of this paper is organized as follows. In Section 2, we describe
our experiments in which 100 subjects listened to 80 musical pieces and gave their
impression of each piece. We classified the 100 subjects into an adequate number
of groups by applying a clustering method to the results of the experiments.
That is, subjects with the same or similar impressions were placed into the same
group. In Section 3, we describe how we create the user models. Each one consists
of both formulas for expressing the impressions numerically and a set of vectors
calculated using the formulas. A model is created for each group, and each model
is created so that it can effectively be used for the subjects in the corresponding
group. These models should be effective for unknown users who can be classified
into one of the groups. In Section 4, we present our procedure for identifying
the model best suited for a user using a relevance feedback technique. Finally, in
Section 5, we describe the testing of the user models and procedure implemented
in an existing impression-based music-retrieval system [8] and present the results,
which demonstrate the effectiveness of our scheme.

2 Diversity and Similarity of Impressions of Music

To investigate user impressions of music pieces in terms of diversity and similar-
ity, we conducted impression-estimation experiments.

2.1 Impression-Estimation Experiments

One hundred people comprising 61 women and 39 men participated in our ex-
periments; two were under 20, 45 were in their twenties, 44 were in their thirties,
8 were in their forties, and 1 was over 50. Each subject listened to 80 musical
pieces ! once or twice and gave their impression of each piece using one or more
of ten impression scales (listed in Table 1). A series of related words describ-
ing an impression on a seven-step scale was used as the “impression scale”. For

1 The pieces were shortened versions for use as background music for Web pages
and software applications; the average length was about one minute. They were
obtained from two Web sites: http://nocturne.vis.ne.jp and http://k2works.
com/nerve/, both of which permit their use for secondary purposes and redistribu-
tion.
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Table 1. Ten impression scales

No.|Polar opposite words No.|Polar opposite words
1 |Quiet — Noisy 6 |Leisurely — Restricted
2 |Calm — Agitated 7 |Pretty — Unattractive
3 |Refreshing — Depressing|| 8 |Happy — Sad
4 |Bright — Dark 9 |Calm down — Arouse
5 |Solemn — Flippant 10 |The mind is healed — The mind is vulnerable
250
& 200
& 150 |
&
3 100
w 50
0
| | I | I [ |
< © o < N < ©
IS IS <] — - - -

Standard deviation

Fig. 1. Distribution of standard deviations for each musical piece and each impression
scale

instance, impression scale No. 8 had the steps “very happy (7),” “happy (6),”
“a little happy (5),” “medium (4),” “a little sad (3),” “sad (2),” and “very sad
(1),” where the number in parentheses denotes the assigned score. We obtained
80,000 data items (80 pieces x 10 impression scales x 100 subjects). (The items
corresponding to instances where the subject indicated “don’t care” are shown
as “nil” in the data; that is, the impression scale was not used in the estimation.)

2.2  Diversity of Impressions

To investigate the diversity in user impressions of the musical pieces, we calcu-
lated the standard deviations of the data obtained in the experiments for each
piece and each impression scale. The results are shown as in Fig. 1.

The mean and median of the standard deviations were 1.06 and 1.04, respec-
tively. This indicates that half or more of the standard deviations were larger
than 1. Assuming that the data for each piece and each impression scale had a
normal distribution with a mean of 4 and a standard deviation of 1, the theoret-
ical number of subjects who gave a score between 3 and 5 is about 68, and the
theoretical number of subjects who gave a score between 2 and 6 is about 95. This
means that user impressions of the musical pieces differed significantly and that
the number of subjects who had quite opposite impressions was not negligible.

2.3  Similarity of Impressions

While there was a rich diversity in user impressions of the musical pieces, as
described above, we can reasonably assume that a number of people had the same
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Fig. 2. Mean and maximum distances from center of gravity and minimum distances
between two arbitrary clusters

or similar impressions. We therefore applied Ward’s clustering method using
the squared Euclidean distance 2 to the 80,000 data items and investigated the
similarity of impressions. The squared Euclidean distance D(E 4, Eg)? between
impression E4 of subject S4 and impression Ep of subject Sg is defined as

10
D(Ea, Ep)* = me Ea) —zmi(Ep))?,

m=1i=1

Mo

where 2., ;(E4) denotes the score on impression scale ¢ given by subject S, for
musical piece m. The value of x,, ;(F4) is replaced with 4 when x,, ;(F4) = nil.

To clarify the clustering process, we calculated two distances at each step
of the clustering: d(E;,G)) and d(Ga,Gp). The former denotes the distance
between the E; of subject S; forming cluster C}, and the center of gravity G/, of
cluster C:

80 10
d(EJ7Gk) = Z Z(xm,i(Ej) - 3777171‘(Gk))2/800,

m=1 i=1

where x,, ;(G)) denotes the value in musical piece m and impression scale i
of the center of gravity Gy, of cluster Cj. The d(G 4, Gp) denotes the distance
between the centers of gravity of two arbitrary clusters, C'4 and Cp:

80 10
d(Ga,Gp) = \| Y Y (2m.i(Ga) = 2mi(Gp))? / 800.

m=1i=1

2 A representative hierarchical clustering method.
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Figure 2 plots the mean and maximum values of d(E;, G) and the minimum
value of d(G 4, G ) at each step of the clustering. All the values changed rapidly
when the subjects were classified into ten or less clusters, and they changed
gradually when they were classified into 20 or more clusters. Apparently, the
subject(s) who gave comparatively peculiar scores formed a cluster when the
number of clusters was ten or less.

3 Creation of User Models

We previously proposed a method for generating a ten-dimensional impression
vector representing a listener’s impressions of a musical piece based on its features
(height, length, and strength of a tone, and tone color) [9]. Each component of an
impression vector corresponds sequentially to an impression scale and has a value,
areal number, ranging from 0 to 8 that is related to the seven steps on the impres-
sion scale. We have now constructed a system for generating an impression vector
from a musical piece or standard MIDI file using all the data obtained in our ex-
periments. That is, we regarded the features extracted from each of the 80 musical
pieces as explanatory variables and regarded a mean value in the corresponding ex-
perimental data as a criterion variable. We performed multiple regression analysis
(forward selection) for each impression scale and obtained ten multiple regression
equations for calculating the value of the corresponding impression scale. These
equations are used in the system to generate an impression vector.

In our proposed scheme, each user model consists of ten multiple regression
equations for generating impression vectors and a set of impression vectors gen-
erated using the equations. Creating a model suitable for a user means obtaining
ten multiple regression equations for the cluster into which the user would be
classified. We applied the above method not to all the data obtained in our ex-
periments, but only to the data corresponding to each cluster. We selected 20 as
the number of user models to create based on the trade-off between the results
shown in Fig. 2 and the cost of the multiple regression analysis. As a result, we
obtained ten multiple regression equations for each cluster. In addition, we cre-
ated 10 user models to compare with the 20 user models in terms of effectiveness.
That is, the 10 user models were created by classifying the 100 subjects into ten
clusters, and obtaining ten multiple regression equations for each cluster. The

Table 2. Modified coefficients of determination in multiple regression analysis

Scale|Mean value Max. value Min. value||Scale|Mean value Max. value Min. value
1 0.785 0.866 0.607 6 0.764 0.847 0.649
2 0.802 0.869 0.698 7 0.665 0.742 0.541
3 0.680 0.791 0.592 8 0.675 0.794 0.608
4 0.679 0.780 0.550 9 0.748 0.851 0.569
5 0.689 0.772 0.595 10 0.699 0.846 0.580
Total 0.719 0.869 0.541
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modified coefficients of determination when the 20 user models, i.e., 200 multiple
regression equations, were created were larger than 0.5, as shown in Table 2, so
excellent results were obtained.

4 lIdentification of Best User Model

The best model for a user is identified based on the user’s estimated score for
the first candidate retrieval result based on the following procedure.

1) Select the first candidate, m,,, for the user’s input query for each user model,
M, (where n =1,2,---,20).

2) Unless set Upgp of the user models for which the fitness values, f,, are nil,
denoting no estimation or a value not smaller than threshold value Hp;gp,
is empty, select the m,,;, with the minimum distance. If Up;gp is empty,
select My, out of set U,,eq of the user models for which f,, are not smaller
than threshold H,,eq. If Upeq is also empty, select my,;, out of all the user
models.

3) Present my,, to the user as the first candidate retrieval result.

4) If the user estimated a fitness between impressions caused by the first candi-
date and impressions represented by the input query on a five-step scale, the
user should enter 5 for a very good match and 1 for a poor match. Otherwise,
execution ends.

5) In all the user models for which m,,;, was selected as the first candidate,
update f, and the number of estimated pieces, k,,, using the following rules.
If f, = nil then f,, = score. Otherwise, f, = (f, X k, + score)/(k, + 1).
And k, =k, + 1, where score is 1 when the score the user gave is 2 and -1
when it is 1, taking some penalty into consideration, although score is equal
to simply the value when the value is larger than 2.

6) If score is not 5, the user can request another retrieval without modifying
the query. In this re-retrieval, the user models for which m,,;, was selected
as the first candidate are excluded from the retrieval objects, and step 2 is
executed. If all 20 user models are excluded, the text “Retrieval failed” is
presented to the user, and execution ends.

5 Performance-Evaluation

We evaluated the effectiveness of the proposed scheme using three different sys-
tems based on an existing impression-based music-retrieval system [8]. System
A uses ten user models for adaptation, System B is a proposed one and uses
twenty models, and System C uses one model. Systems A and B have a user
adaptation facility; System C does not. Instead, it advances the N candidate
to the N — 1** candidate and presents the first candidate newly obtained when
the user requests another retrieval.

We added 80 musical pieces to the 80 musical pieces used in the impression-
estimation experiments, creating a database of 160 musical pieces. The impres-
sion vectors in each user model were generated using the ten multiple regression
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Table 3. Examples of impression vectors for model M;

Names of musical pieces Impression vectors

ave_maria (1.9 3.6 4.3 5.3 4.3 54 49 7.1 45 5.3)
eine_kleinel str (24 1.0 6.8 54 5.6 5.5 6.0 6.4 0.7 5.6)
gimnopediel _pi (3.8 43 5.0 24 57 51 51 1.6 4.6 2.0)
je_te_veux_pi (4.8 5.4 59 49 7.6 5.1 53 5.7 5.6 4.6)
la_primavelal _str (3.1 43 6.3 6.4 2.1 51 6.0 4.0 3.1 5.1)

(The values were rounded to one decimal place to save space)

equations designed for that model. Examples of impression vectors for model M;
are shown in Table 3. Note that we set Hp;q, = 4.0 and H,,eq = 3.0 as threshold
values.

Thirty people participated in the experiment-15 women and 15 men; three
were under 20, 23 were in their twenties, two were in their thirties, and two were
over 40. We randomly classified them into three groups of equal size. We assigned
the three systems to the three groups one by one. For her/his assigned system,
each subject inputted ten queries or sentences using a list of 164 impression
words and 119 degree modifiers, which any retrieval system can understand.
The process was as follows.

(1) The subject entered the N*" sentence (N =1,2,---,10).

(2) If at least one retrieval result was presented, the subject listened to the first
candidate and, using a five-step scale, estimated how well it matched her /his
target result: very good match (5 points), good match (4 points), fair match
(3 points), questionable match (2 points), and poor match (1 point). If no
retrieval results were presented, the subject returned to step (1) and entered
the next sentence.

(3) If the match was very good, the subject returned to step (1), and entered the
next sentence. Otherwise, the user requested another retrieval and returned
to step (2). The maximum number of retrievals was set to five.

Once the subject finished this process, she/he took a break for about 30
minutes. The subject then repeated the process using the same ten sentences
to investigate the effectiveness of user adaptation facilities. The results of these
experiments are shown in Tables 4 and 5.

Table 4 shows the mean values and standard deviations for the first retrieval,
and Table 5 shows them for the second. They do not include the results for when
the system failed to generate impression vectors for some reason. When the first
candidate in the second retrieval was the same as the first candidate in the first
retrieval, the result for the second retrieval was replaced with that for the first.

Comparing the results of these two tables, we see that the difference in re-
trieval accuracy between the two retrievals for System B was statistically signif-
icant at the 1% level, while those for the other two systems were not statistically
significant even at the 5% level. This indicates that using 20 user models is more
effective than using 10 models or 1 model and that using user models created
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Table 4. Results for first retrieval

System Mean value Standard deviation Number of estimations
A (10 user models) 3.38 1.28 106
B (20 user models) 3.39 1.36 99
C (one user model) 3.69 1.09 97

Table 5. Results for second retrieval

System Mean value Standard deviation Number of estimations
A (10 user models) 3.73 1.24 92
B (20 user models) 4.02 1.16 96
C (one user model) 3.70 1.10 97

Table 6. Change in score from first to second retrieval

Diff. in estimation|-3 -2 -1 0 1 2 3
Frequency 1 2 19 107 30 15 2
Ratio (%) 0.6 1.1 10.8 60.8 17.0 8.5 1.1

Table 7. Examples of sentences the subjects made, which were translated into English
by the author

Tune with confused power / Fresh and refreshing tune / Lilting and comical
tune / Super-impressing tune / Intonational and passionate tune / Profound,
solemn, and dignified tune / Lyrical tune with a quiet mood / Tune of con-
siderably settled feeling / Powerful and dynamic tune / Tune by which one
hundred percent of the mind is healed / Beautiful, sad, and transparent tune

Table 8. Numbers of different impression words and degree modifiers used in sentences

System |Impression Degree |Examples
words  modifiers|(Ones that appeared five times or more)

A 74 30  |Comical / Mind is healed / Transparent / Blight / Very

B 66 20  |Vigorous / Confused power / Beautiful / Classical /
Powerful / Pretty / Very

C 63 47  |Bright / Lilting / Fantastic / Passionate / Calm / Pow-

erful / So / Very / Moderately

based on the proposed scheme improves the retrieval accuracy of impression-
based music-retrieval systems.

The change in the score for the same candidates from the first to the second
retrieval is shown in Table 6. These results suggest that the impressions depended
on the situation, for example, the retrieval context or mental state. Consequently,
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a person’s impressions of a musical piece may differ under different conditions.
This situation dependency must be taken into account to obtain a system that
produces better matches.

For the reader’s reference, we show some of the sentences that were entered
and the numbers of different impression words and degree modifiers appearing
in the sentences in Tables 7 and 8, respectively.

6 Conclusion

People listening to the same music can have different impressions of it. We have
thus developed a music retrieval scheme that adapts to the user. We had 100
people give us their impressions of 80 music pieces, and, based on the results, we
classified them into 20 groups. The people in each group generally had the same
or similar impressions. We then created a user model suitable for each group
and a procedure for identifying the model best suited for an unidentified user.
Each model consisted of formulas for generating impression vectors representing
the impressions of a musical piece and a set of impression vectors generated
using the formulas. Testing using another 30 people showed that our scheme is
effective.

We plan to tackle the problems of individual variations in the interpreta-
tion of the impression words and degree modifiers. We also plan to develop
a more flexible scheme that takes into account the situational dependency of
impressions.
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Abstract. This paper describes three algorithms to model and predict the satis-
faction experienced by individuals using a group recommender system which
recommends sequences of items. Satisfaction is treated as an affective state. In
particular, we model the wearing off of emotion over time and assimilation ef-
fects, where the affective state produced by previous items influences the im-
pact on satisfaction of the next item. We compare the algorithms with each
other, and investigate the effect of parameter values by comparing the algo-
rithms’ predictions with the results of an earlier empirical study. We show a
way in which affective state can be used in recommender systems, which is use-
ful for recommendations not only to groups but also to individuals.

1 Introduction

Inspired by Interactive TV, we are interested in recommending sequences of items
(e.g. news stories, music clips) to groups of users. In [6], we have discussed various
strategies to combine ratings by individuals into ratings for the group as a whole. For
instance, given individual ratings as in Table 1 from 1 (really hate) to 10 (really like),
we can take the average of ratings (so called Average Strategy) and recommend item
sequence EFHDJA when there is time to see six items. Or, we can take the minimum
of ratings (so called Least Misery) and recommend sequence FEHIDG. We have em-
pirically evaluated which strategy performs best (the Multiplicative strategy which
multiplies ratings) in the sense of keeping all individuals in the group satisfied.

Table 1. Example of individual ratings for ten items (A to J) for a group of three

A | B C D E F G H I J
John 10 | 4 3 6 10 9 6 8 10 8
Adam 1 9 8 9 7 9 6 9 3 8
Mary 10 | 5 2 7 9 8 5 6 7 6
Average 7 6 4.3 7.3 8.7 8.7 5.7 7.7 6.7 7.3

In a recommender system that adapts to individuals, we are only interested in
maximizing individual satisfaction, and for this it suffices to always recommend the
item with the highest rating. So, there is no need to predict satisfaction accurately.
However, if we are interested in keeping a group satisfied, then suddenly it becomes
more important to accurately predict individual satisfaction. To keep the rest of the
group happy, an individual might need to be confronted occasionally with items they

L. Ardissono, P. Brna, and A. Mitrovic (Eds.): UM 2005, LNAI 3538, pp. 297 -306, 2005.
© Springer-Verlag Berlin Heidelberg 2005



298 J. Masthoff

do not like. It is important then to know whether the items chosen do not make an in-
dividual too dissatisfied. Accurate predictions of individual satisfaction can also help
to evaluate group adaptation strategies. It may even be possible to use these predic-
tions as part of a strategy. For these reasons, we started investigating satisfaction. In
[6], we have presented several functions to model individual satisfaction, and have
empirically evaluated which function performs best. However, the satisfaction func-
tions used in [6] did not really show whether and to what extent somebody would be
satisfied or dissatisfied. Rather, they showed the relative satisfaction of individuals in
the group: so, for instance, whether we expected John to be more satisfied than Adam,
and whether Mary would be more satisfied with one sequence or another. In this pa-
per we will attempt to model satisfaction in more detail. As part of this, we will argue
that so far a vital element in the modelling of satisfaction has been overlooked,
namely affective state.

2 About Individual Satisfaction

The satisfaction functions proposed in [6] were all based on a summation: the satis-
faction after viewing another item was modelled as the summation of that before
viewing the item, and the impact of the item itself. In the simplest satisfaction func-
tion, the impact of an item was taken to be its rating. So, the satisfaction with a se-
quence of items was the summation of the items’ ratings. We investigated whether
low ratings (noting dissatisfaction) needed to be included, or only high ratings. We
investigated normalization: whether one should take the ratings of not chosen items
into account when deciding the impact of an item. We investigated whether to use a
linear impact of ratings or a quadratic one: the difference between a rating of 9 and a
10 might feel larger than the difference between a 5 and a 6. Including low ratings,
normalization, and a quadratic impact all improved the satisfaction function [6].

One limitation of the satisfaction functions in [6] is that satisfaction increases with
the length of the sequence. Another serious limitation is that the order of items in the
sequence did not affect satisfaction. Nevertheless, several reasons were given that
suggest that order may be important (some related to advertising research, others to
comments of subjects in experiments like “it is better to end on a high™). In this paper,
we want to refine the satisfaction function to take this into account.

It seems reasonable to regard satisfaction as an affective state or mood. Since the
seventies, psychologists have researched the cognitive effects of mood: how mood in-
fluences perception, attention, memory, information processing, and judgement. Ef-
fects have been found in all of these areas [8]. More recently, several psychologists
and economists have started to research Affective Forecasting: how accurately people
can predict what will make them happy, by how much, and for how long. Many stud-
ies have found that people are not good at predicting happiness [10]. People tend to be
good at predicting whether they will be happy or unhappy, but not by how much and
for how long. Additionally, in our own field, there has been a lot of interest recently
into Affective Computing (e.g. [9]). We will briefly discuss those results out of these
three areas that seem most relevant to the topic of this paper.

Researchers have consistently found an impact of mood on evaluative judgement
(see [8] for a review). Much research has been done in the context of persuasion the-
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ory: individuals in a happy mood were persuadable to a higher extent than individuals
in a neutral or sad mood (see e.g., [4]). Mood effects are studied and used in commer-
cial and political advertisement (e.g., [1, 3]): influencing people’s mood to make them
judge a subsequent ad more favourably. So, when our recommender system presents
subjects with a sequence of items, viewing the first items could induce a mood, which
could impact subjects’ opinions on the next items.

Film clips are often used to elicit emotions in a laboratory setting, with empirical
research having resulted in a set of film clips that consistently elicit a certain emo-
tion, like happiness, fear, anger [2]. We will need to differentiate between the emo-
tions elicited by the content of a clip, and the satisfaction with having seen it. For in-
stance, one might be revolted by the content of a news item (e.g. on happenings in
Iraq), but still be satisfied with having seen it. For our modelling, we will for now
ignore the emotion elicited by the content, and concentrate on satisfaction in isola-
tion. However, this issue will need to be addressed in future, and it will also compli-
cate evaluation.

Kahneman and colleagues (as reported in [10]) found that the actual feelings ex-
perienced (e.g., self-reported pain during a colonoscopy) differed from those reported
retrospectively. The retrospective reports were heavily influenced by the intensity of
the emotional experience when it ended and the peak intensity of the experience.

People’s affective forecasting can change their actual emotional experience (e.g.,
[12]). Several studies have shown that if you expect to like something, than you might
end up liking it more than if you did not have any expectations. This is called assimi-
lation." If our recommender system has presented several items you liked, than you
might expect to also like the next item, and therefore your perceived satisfaction with
that item might be higher than its actual rating merits.

People’s emotional reactions become less intense with time [11]. When something
has made you happy, this happiness does not last, but wears off. This is explained in
[10] as needed to save energy and to protect the emotions’ role as a signalling device.

Picard discusses the use of emotions and moods in computer systems [9]. She de-
scribes emotions as being regulated by moods: for instance, in a good mood smaller
positive events can have an emotional impact. She proposes to model mood as a
weighted summation of positive events and subtraction of negative events, with recent
events receiving extra weight. She argues that mood can not be of unbounded inten-
sity, so a limit should be used (or a saturation function).

3 Satisfaction Functions Chosen

In [6], satisfaction with a (fixed-length) sequence of items was calculated as the sum-
mation of the impact of the individual items of the sequence:

Satisfaction(items+<i>) = Satisfaction(items) + Impact(i),

for item i and item sequence” items.

Satisfaction(<>) =0

!It has been suggested that the opposite can also happen [12], but there is not much evidence.
2 Whenever we talk about an item sequence, we mean a sequence of distinct items.
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Based on the literature review above, we will henceforth assume that Satisfaction will
decrease in intensity over time. Also, we give more weight to recent items”.

Variant 0. Satisfaction(items+<i>) = 8 * Satisfaction(items) + Impact(i), with 0<8<1

With =1 no decrease occurs, and with =0 no memory of past items would be used.
The value of 8 could depend on the person or the time duration of items.

To calculate the impact of an item, we perform three steps.

1. Normalizing. In [6], not the individual rating, but the satisfaction produced was
normalized, using for item sequence items:

NormSatisfaction(items) = Satisfaction(items) / PossSatisfaction(items)
with PossSatisfaction(items)
Max s: item sequence s and length(s)=length(items): Satisfaction(s)

Our introduction of & into the Satisfaction function means that normalization now
needs to be handled differently. We would like to apply normalization to the rating,
not to the satisfaction as a whole, to make it independent of the selections so far:

Normalized(r) = r*TotalRatingsExpected / TotalRatingsPossible, for rating r
with TotalRatingsExpected = }: item j: AverageRating
TotalRatingsPossible = Y item j: Rating(j)

We could have taken the AverageRating to be the midpoint of the scale (5.5), but
have decided instead to use the average rating over all individuals in the group over
all items (6.93 in our case).

Note that our normalization results in ratings 10-10-10-10 being treated as the
same as 5-5-5-5. This was also the case in the normalization in [6]. In as sense, this is
also a form of assimilation.

2. Rebalancing. We have been using ratings from 1 to 10. As we want our satisfaction
function to give an easy indication of whether somebody is satisfied or not, it
would be good if negative numbers meant dissatisfaction, and positive numbers
satisfaction. Therefore, we will rebalance the rating scale, by deducting its mid-
point value. For our scale this value is 5.5.

Rebalanced(r) = r — midpoint, for rating r
3. Making the impact quadratic. We will use the following formula®:

Quadratic(r) = 2, ifr>0; -, ifr<0, for rating r

? This deviates from the proposal in [9] of a linear decrease in weight, and only consideration of
the last four events.

4 This deviates from [6], where no rebalancing happened and Quadratic(r) = (t-5)%, if r >6, and
-(r-6)? if r<6. This makes it easier to deal with the new normalization of ratings.
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Combining these three steps, we obtain:
Impact(i) = Quadratic(Rebalanced(Normalized(Rating(i))) , for item i

The satisfaction function discussed above sums the (weighted) satisfaction so far
with the impact of the new item. This has as effect that if you see a series of items you
like, your satisfaction is predicted to keep increasing. The question arises whether
summation is indeed the right operation. An alternative could be to take the average.
We therefore propose the following variant:

Variant 1. Satisfaction(items+<i>)=(8*Satisfaction(irems)+Impact(i)) / (1+08)

We divide by 148 rather than 2, to get Satisfaction(items+<i>) = Impact(i) when 6=0.

The satisfaction function discussed above takes into account that emotion wears
off. However, it does not yet take into account that the mood you are in can change
your judgement, and that expectation can influence emotion. Inspired by the literature
discussed above, we want the impact of an item to depend upon the mood you are in,
showing an assimilation effect. We therefore propose the following variant:

Variant 2. Satisfaction(items+<i>) = d*Satisfaction(items) +
Impact(i, 8*Satisfaction(items))
with Impact(i, s) = Impact(i) + (s-Impact(i))*e, for all s and 0 <& <1

With €=0, we have the same satisfaction function as Variant 0. With e=1, the new
item would not have any impact (so, satisfaction would always remain 0).

It is easy to come up with more variants, but we would first like to understand the
effects of the satisfaction functions proposed so far.

4 Simulations

In this section, we will report on the results of simulations of the satisfaction func-
tions. The main purpose of these simulations is to get a feeling of the difference in
predictions between the satisfaction functions discussed. We will also compare the
predictions with the empirical data of Experiment 2 in [6], mainly to decide what val-
ues are most appropriate for d and €. In that experiment, subjects were shown ratings
of items for John, Adam and Mary (as in Table 1) and sequences (e.g. FEAHD) and
asked to predict how satisfied John, Adam and Mary would be with those sequences.
Satisfaction Function Variant 0 has been applied to the same sequences as in Ex-
periment 2 of [6], which are the recommended sequences by various group modelling
strategies. For each sequence, the satisfaction of John, Adam and Mary has been cal-
culated at each moment in the presentation of the sequence, for varyingvalues of 6.
Table 2 shows the results. As can be expected, a lower value of  tends to result in a
lower predicted satisfaction. Comparison of the results for sequences AIEFD and
AEFID shows the impact the order of a sequence can have, particularly for small d.
To judge the group modelling strategies, we will look at the curves as a whole, not
just the end point. So, we judge the Borda strategy to have made Adam
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Table 2. Predicted satisfaction for Variant 0 per sequence per individual, for several values of
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Table 3. Predicted satisfaction for Variant 1 per sequence per individual, for several values of
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Table 4. Predicted satisfaction of Variant 2 for sequence FEHIDI chosen by the Multiplicative
strategy per individual, for several values of ¢z —¢—0 —®—0.2 0.5 0.8, and
two values of 8. Y-axis shows satisfaction, X-axis time (first item shown, second shown, etc)
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unhappy, as he was dissatisfied after the presentation of the third item (for any ). On
the basis of this, we could exclude the Borda, Plurality and Most Pleasure strategies, as
they all resulted in misery for Adam for any 8. For low values of 8, the Multiplicative
and Average strategies would have dissatisfied Adam, and the Average without Misery
strategy would have dissatisfied John. However, subjects predicted that both Adam and
John would be satisfied with those strategies. We therefore conclude that a higher
value of & (0.8, 0.9, 1) is more in accordance with the behaviour of our subjects. Re-
stricting ourselves to those higher values of 9, if we take the satisfaction of the group to
be the minimum of the satisfaction of the individuals, then the Multiplicative strategy
clearly performs best: for each moment in the sequence, it gives the highest satisfaction
(except after the second item for d is 0.8 and 0.9). This was also the strategy preferred
by our subjects. However, if we take the satisfaction of the group to be the average of
the satisfaction of the individuals, then the Average strategy performs best. Taking the
minimum better corresponds to the predictions of our subjects.

Table 3 shows the results of a similar process for Satisfaction Function Variant 1.
The ‘averaging’ used in Variant 1 has resulted in a nice limitation of satisfaction,
rather than an infinite increase. The value of & clearly has less impact on satisfaction
for Variant 1 than for Variant 0. The same strategies as above can again be excluded
as causing misery to Adam. In addition, the Average strategy can now be excluded.
As already indicated above, however, human subjects had predicted that Adam would
be satisfied with this strategy. There are three possible explanations. Firstly, the ‘av-
eraging’ in Variant 1 may be wrong. Secondly, the subjects’ predictions may be
wrong. Thirdly, both the ‘averaging’ and the subjects’ predictions may be correct, but
something else in the satisfaction function is wrong, like the normalization (or the
constant used in it), or the use of quadratic ratings.

Satisfaction Function Variant 2 has two constants: d and €. It is impossible to show
the results of varying both. We have chosen a high and low value of (0.9, 0.2), and
varied €. Table 4 shows the impact of € on satisfaction for the two values of §, for the
Multiplicative strategy. There is a large impact of &: with 8=0.9, all individuals are
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about equally satisfied and the impact of € is low. With 8=0.2, the satisfaction profiles
of John, Adam and Mary are quite different, and the impact of € is high. With 8=0.2,
Adam is predicted to be dissatisfied at the end, independent of €. As our subjects pre-
dicted Adam to be satisfied, again a higher value of & seems better. With 8=0.9, it is
hard to see which value of € is best. Our subjects predicted Adam and Mary to be
equally satisfied and John to be slightly more satisfied. When looking at the end of
the sequence, a lower value of € seems to perform slightly better. When looking at the
curves as a whole (e.g., averaging satisfaction over the sequence), John would be
more dissatisfied than Adam, regardless of €.

5 Inherent Complexity of Evaluation

We have shown how we can use satisfaction functions to reason about group model-
ling strategies, even when these functions are not yet completely validated. For in-
stance, we could dismiss several strategies as they were shown to perform badly inde-
pendent of J, and independent of ‘averaging’ being a good idea. Comparing the
satisfaction functions with predictions by subjects, allowed us to conclude that &
should have a high value, and given such a high value, we could even conclude that
the Multiplicative strategy performed best, in accordance with our subjects. However,
there is a problem: the empirical data used comes from an indirect experiment, where
subjects were not shown items, but only ratings, and had to predict satisfaction. As
discussed above, the Affective Forecasting literature shows that people are very poor
in predicting the intensity of emotions’. So, a next step should be to empirically com-
pare the real satisfaction experienced by subjects with that predicted by the satisfac-
tion functions. However, this seems particularly challenging”:

Firstly, we need accurate ratings for the individuals. We could ask subjects to rate
items. But if our assumption is right, then the rating given would depend on the order
in which the items are presented. This could be avoided by having large time gaps be-
tween the items, but we would need to ensure that the mood of our subjects does not
vary. Attempts in [6] to construct items for which the ratings are the same for all sub-
jects (e.g. “your favourite team has won an important game”) failed miserably.

Secondly, we need items that are topically unrelated, as topical relatedness between
items can influence judgement (e.g. an item about an earthquake in Bulgaria getting a
higher rating after an item on their football team playing Bulgaria) [6].

Finally, we need to know how satisfied each subject is after each item has been
presented. If we ask them at the end of the experiment to judge their satisfaction at the
various time points, we are likely to get inaccurate data (given the difference between
retrospective and experienced emotions). If we ask subjects to report their satisfaction
during the experiment, it takes time and therefore influences the results (given the de-
crease in emotions over time). If we determine satisfaction on the basis of facial ex-
pressions and sensor data, then the emotional content of items can influence results.

5 People are, however, good at predicting valence, so this does not invalidate our conclusions
about 8 on the basis that subjects predicted Adam to be satisfied.

® So challenging indeed that the evaluation of this system is the topic of an “evaluation compe-
tition” for the 2005 UM workshop on the Evaluation of Adaptive Systems.
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6 Conclusions

Modelling satisfaction is important when recommending sequences of items to
groups: it provides a way to evaluate group modelling strategies and it can inspire a
better strategy. In this paper, we have modelled satisfaction as a mood, drawing on the
mood literature for inspiration. We have discussed satisfaction functions, which in-
corporate assimilation and decline of emotions with time. We have shown through
simulations the impact these factors can have on satisfaction, and have drawn some
conclusions about group modelling strategies. We have compared the satisfaction
functions with empirical data from [6], and have drawn some conclusions (e.g. about
8). We have discussed the inherent difficulties in doing empirical evaluations.

Models of individual satisfaction are not only useful when adapting to groups. As
argued in [5, 7], adaptation to individuals can sometimes also benefit from group
modelling strategies, for instance, when ratings on multiple criteria need to be com-
bined, or when virtual group members are added, e.g. representing a teacher.

Accurate predictions of individual satisfaction can also be used to improve the
transparency of adaptive systems: showing how satisfied others in your group are, or
how satisfied criteria are, could improve the users’ understanding of the working of
the system and perhaps make it easier to accept items they do not like.
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Abstract. Economic modeling provides a formal mechanism to under-
stand user incentives and behavior in online systems. In this paper we
describe the process of building a parameterized economic model of user-
contributed ratings in an online movie recommender system. We con-
structed a theoretical model to formalize our initial understanding of
the system, and collected survey and behavioral data to calibrate an em-
pirical model. This model explains 34% of the variation in user rating
behavior. We found that while economic modeling in this domain requires
an initial understanding of user behavior and access to an uncommonly
broad set of user survey and behavioral data, it returns significant formal
understanding of the activity being modeled.

1 Introduction

Designers of online communities struggle with the challenge of eliciting partici-
pation from their members. Butler [4] found that 50% of social, hobby, and work
mailing lists had no traffic over a 122 day period. Under-contribution is a problem
even in communities that do survive; in a majority of active mailing lists, fewer
then 50% of subscribers posted even a single message in a four month period [4].

Recommender systems built on collaborative filtering [14] are particularly
vulnerable to the problem of undercontribution. If users do not contribute ratings
to the community, especially for new and rarely-rated items, the system loses its
ability to produce recommendations—its main purpose for existence.

We have been conducting research on how to increase the number of ratings
contributed to MovieLens [8, 13], a movie recommendation web site. In this paper
we report on our activity using economic modeling to build a parameterized
model of the motivations underlying user rating behavior. We model factors
that affect users’ willingness to rate movies, such as the desire to view accurate
movie recommendations and the time and effort needed to rate movies. We
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of Michigan, and Carnegie Mellon University. http://www.communitylab.org/
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believe that economic modeling will guide future site development by providing
us with insights into user motivations, predictions about user behavior, and
opportunities to personalize the site to match user goals.

As far as we know, this is the first use of economic analysis to build models of
user incentives and behavior in an adaptive web site. Accordingly, we discuss in
detail the modeling process and the ways in which such a model can be applied.
We discuss why economic modeling in this domain is difficult, and what benefits
modelers can expect.

2 Related Work

Informal economic analysis has been used to inform the design and analysis of
computer-supported cooperative work (CSCW) applications. Grudin, for exam-
ple, assessed relative costs and benefits of using digital voice versus text in a
groupware application [7]. More formal economic modeling has been applied to
develop probabilistic models of human interruptibility [9].

The design of online trust and reputation management systems has been
heavily influenced by economic theories. For example, Keser used experimental
economics to demonstrate the effects of reputation management systems such
as eBay’s on marketplace success [10]. Friedman and Resnick examined the the-
oretical effects on trust and reputation based on enforcing costly or permanent
pseudonyms in online communities [5].

More broadly, economic theories have informed research investigating the
design of e-commerce and auction sites. Bakos examined the theoretical impli-
cations of the accessibility of product descriptions and pricing information in e-
commerce Web sites, including cases where sellers have intentionally introduced
difficulties into the search process to increase revenue [2].

To our knowledge, economic analysis has not been used to inform the design
of user adaptive Web sites. Adaptive hypermedia researchers have traditionally
used a variety of approaches to explicitly or implicitly gather data about users’
knowledge, goals, background, or preferences [3]. This work extends these ap-
proaches by modeling incentives and behavior in the language of economics.

3 An Economic Model of MovieLens Users

The primary purpose of economic modeling is to generate insights into com-
plex problems [15] and to make predictions about rational agents’ behavior. In
a canonical economic model, agents act in order to maximize their objectives,
subject to constraints. To create an effective model, we make simplifying as-
sumptions while still keeping the essential features of the real world situation.

3.1 A Theoretical Model

In a typical session in MovieLens, users spend time rating movies and viewing
movie recommendations. Their activity can be modeled mathematically as fol-
lows: let z; be the number of movies user ¢ has rated, and X _; = Z#i x; be the
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total number of ratings from all other users in MovieLens. Based on survey data
and our understanding of user behavior from interactions with users, a user’s
benefit from using MovieLens comes from three sources:

— Recommendation quality, Q;(x;, X_;): Users enjoy viewing useful movie rec-
ommendations. Based on the characteristics of the MovieLens recommenda-
tion algorithm, we assume this function is concave in both its components.
That is, it increases along with each rating count, but at a decreasing rate.

— Rating fun, f;(x;): Users enjoy expressing opinions about movies. We assume
that f'(x;) > 0, and f"”(z;) < 0. Again, rating more movies brings more
enjoyment, but at a decreasing rate.

— Non-rating fun, h;: Users enjoy activities such as searching for movies and
reading information about movies.

We further assume that there is cost associated with rating. The cost function
of rating movies, ¢;(x;), represents the amount of time that user ¢ needs to
rate x; movies. Assume that ¢;(x;) is convex, i.e., the marginal cost is positive,
¢;(z;) > 0, and ¢, (z;) > 0 for all i € N. Thus, the marginal cost of rating
either remains constant or increases with the number of ratings. This fits with
our experience that users rate popular, easily remembered movies first.

For analytical tractability, we assume that various components of the utility
function are additively separable. Let ; denote the marginal benefit to recom-
mendation quality of rating one movie. We can represent user i’s utility, m;, as

T = YiQi(wi, X_) + filx:) + hi — ci(x;). (1)

To calibrate this model with survey and behavioral data, we now parameter-
ize various components of the utility function, and solve for the optimal number
of ratings. Based on features of the recommendation algorithm, we assume that
Qi(z;, X_;) = min(R, Xfia:?i). This is a Cobb-Douglas production function®
with an upper bound, R. The upper bound is included to represent the fact that
average recommendation quality has a theoretical limit. a € [0, 1] measures the
impact of system-wide ratings on recommendation quality. 3; € [0, 1] measures
user 4’s taste in movies. A higher (; indicates that a user has rare taste, while a
lower [3; indicates that a user has mainstream taste.

Furthermore, assume that both the rating fun function and the cost function
are linear such that f;(z;) = fix; and ¢;(z;) = ¢;x;, respectively. While neither
function is necessarily linear in general, we do not have enough data to estimate
their shape.

Under these assumptions, we consider two cases. In the first case, when

min(R, X fix? ) = R, a user is getting the best possible recommendation quality
from MovieLens. In this case, a user will continue to rate movies as long as the
marginal fun is greater than or equal to the marginal cost.

In the second case, when min(R, Xﬁ‘ixfi) = Xﬁixiﬁi and o — 0, a user’s

recommendation quality will improve via ratings, but will not improve due to

1 The Cobb-Douglas production is one of the most commonly used production func-
tions in economics [12].
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others contributing ratings to the system - a simplifying assumption possible in
MovieLens where there is a large stock of total ratings. In this case, we solve
Equation (1) for the optimal number of ratings, z;:

o= (22 )

Taking a log transformation of Equation (2), we get

[ln Bi +In~y; —In(c; fz)] (3)

1
¥
Ina; -
As a sanity check, we change various parameters and see if the optimal num-
ber of ratings is moving in the right direction. An increase in marginal cost leads
to a decrease in rating quantity, while an increase in marginal fun or marginal
benefit from recommendation quality leads to an increase in rating quantity.
When 1= ﬂ’ +Ing; +1Invy; —In(e; — f;) > 0, an increase in (; also leads to more
rating, 1nd1cat1ng that, other things being equal, a user with rare taste will rate
more movies than one with mainstream taste. These results are consistent with
our intuition.

3.2 Data to Calibrate the Model

To calibrate our model, we collected both survey and behavioral data. An online
survey consisting of ten multi-part questions was given to 357 users in June and
July, 20042. Only users who had logged in at least 3 times and who had rated
at least 30 movies were presented with an invitation to participate. The survey
was promoted on the MovieLens main page.

The survey focused on understanding users’ motivations. Motivations are not
only important for understanding user costs and benefits, but can later be used
to calibrate reduced models for new users with little history data.

We found that MovieLens users do have differing motivations. 92% of users
listed viewing movie recommendations as one of their top-three reasons for using
the system. However, we found that people rate movies for a wider variety of
reasons: to keep a personal list of movies they’ve seen, to influence others, and be-
cause they find rating itself to be fun. We also found that users perceive that the
quality of movie recommendations provided by the system improves over time.

We also gathered historical behavioral data about the volunteers who took the
survey. This data includes, for example, information about the use of MovieLens
features and the quality of recommendations received. Table 1 summarizes some
of the key behavioral variables we used in this study.

The users that we studied were disproportionately “power users”, i.e., those
users who use the system often and rate a lot of movies. They also tended to
be quite happy with MovieLens, based on their survey responses. However, the

2 See http://www.grouplens.org/data/mlsurvey0604.html for a list of survey ques-
tions and a summary of responses.
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Table 1. Selected MovieLens Survey-Taker Behavioral Data

Mean |Median|Min.|Max.|Std. Dev.

# Ratings, User Lifetime 693.52[556 41 3235 (525.16
# Ratings, Last 3 Months 86.67 |37 0 1041 {150.34
Recent Error of Recommendations® 0.54 (0.50 0.13 |1.57 (0.22
Unusual Taste” 0.65 [0.64 [0.32[1.24 [0.14
Fraction of Ratings that are Rare Movies® 0.07 |0.05 0 0.33 |0.06
Number of Movie Suggestions Contributed 3.00 |0 0 218 |13.87
# Saved Movie Searches 3.68 |3 0 93 |5.54
# Sessions, Last 3 Months 24.61 (12 1 299 135.99
Fraction of Sessions w/ Ratings, Last 3 Months|0.60 |0.60 0 1 0.26
Weeks Since Registration 33.21 (34 1 72 122.99

% Measured by the mean absolute error (MAE) of last 20 ratings.

¥ Measured by the mean distance between a user’s ratings and system average ratings.

¢ We define a rare movie as one with fewer than 250 ratings from the 88,000 users in
MovieLens. By comparison, the top 100 movies average about 23,500 ratings each.

users in our study did exhibit a great deal of variety in a number of areas such
as movie taste, interface customization and usage, and in the average quality of
movie recommendations they receive.

3.3 Calibration and Results

We now describe an empirical model that we will calibrate using survey and
behavioral data. Recall that Equation (3) characterizes the optimal number of
ratings for a user. Since the distribution of ratings is skewed, we use a logarithm
transformation of the number of ratings as the dependent variable. The main
explanatory variables include a user’s marginal benefit (MB) from the quality of
recommendations, v;, the taste parameter, (;, the fun score, f;, and the marginal
cost (MC) of providing additional ratings, ¢;. We also control for other charac-
teristics, 77 such as a user’s age in MovieLens and how many times a user has
used MovieLens recently. Our empirical model is defined as

Inx; = ag + a17y; + agﬁi + a3fi + aqc; + 77 +&;. (4)

Calibrating the marginal cost and benefit parameters proved challenging in
constructing the empirical model. Our survey questions designed for calibrat-
ing these parameters were phrased in terms of money, but many survey takers
resisted assigning monetary values to a free web service. As such, many respon-
dents failed to answer these questions, and many responded with $0 values or
very unlikely costs. To handle this type of truncated data, we employed a Tobit
maximum likelihood approach® to predict marginal benefit and cost using other
survey and behavioral data.

3 The Tobit model is an econometric model able to handle the case where the depen-
dent variable is zero for a nontrivial fraction of the sample.[16, 6].
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Table 2. Tobit Analysis: Estimating Marginal Benefit and Marginal Cost

(1) (2)
Reported MB Reported MC
Freq of Picking Movies to Watch 1.358 (0.515)***

Freq of Searching for a Particular Movie 0.198 (0.431)
Freq of Looking Only at 1st Screen of Recs -0.786 (0.333)**

Freq of Looking at 5+ Screens of Recs 0.420 (0.447)

# “Hide this Movie” Ratings 0.001 (0.003)

# Saved Searches 0.100 (0.053)*

Reported Time Estimate to Rate 10 Movies 4.231 (1.076)***
# Ratings/Login, Last 3 Months 0.184 (1.066)
Constant -4.246 (1.551)*** -13.391 (3.880)***
Observations 339 338

Pseudo R-squared 0.02 0.03
Corr(predicted, user reported) 0.228 0.320

p-value 0.000 0.000

Notes:

1. Standard errors in parentheses.
2. Significant at: * 10-percent level; ** 5-percent level; *** 1-percent level.

The results of the Tobit estimation are presented in Table 2. The strongest
indicator of marginal benefit is the frequency of using MovieLens to pick movies
to watch. This indicator, along with other data reflecting usage patterns, provide
an estimated value for ; that correlates with the monetized survey responses at
0.228. The estimation of marginal cost is based on survey responses concerning
the time required to rate movies along with behavioral data on the number of
ratings provided per session. The correlation between our estimated measure of
¢; and the monetized value provided in the survey is 0.320. We report later on
the strength of these measures in the discussion of the final model.

The taste and fun parameters are constructed more directly. The taste pa-
rameter is constructed from how often a user rates rare movies (as defined above,
in Table 1) and how different a user’s ratings are from movie averages. The fun
score is derived from the frequency of using MovieLens to rate just-seen movies,
the number of ratings sessions per month, and several other behavioral factors
reflecting enjoyment of the rating process.

Table 3 reports the results of the empirical analysis, where we explain indi-
vidual users’ rating behavior in terms of Equation (4). Column (1) shows the
explanatory variables used in the analysis. Column (2) shows only behavioral
data to demonstrate the relative power of a reduced model without survey data.
We focus on column (1) when interpreting the results.

The results are consistent with the theoretical predictions. Marginal cost has
the expected significant and negative correlation with the quantity of ratings.
Marginal benefit from movie recommendation shows a positive but not statisti-
cally significant correlation with number of ratings.

As suggested by survey responses, many MovieLens users consider rating
movies to be an entertaining activity. This is reflected by the positive coefficient
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Table 3. Regression Analysis: Predicting the Quantity of User Ratings

Dependent Variable: log(ratings)

M ©)
Behavioral4-Survey Behavioral only
MC of Rating 10 Movies, ¢; -0.042 (0.019)**
MB of 10 Recommendations, ~; 0.028 (0.053)
Fun Score, f; 0.353 (0.104)%**
Uncommon Taste, §; 0.974 (0.284)***  (0.922 (0.290)***
% Ratings that are Rare Movies, (3; 1.906 (0.379)*** 2,137 (0.382)***
Altruism Score, Z -0.053 (0.030)*
Weeks Since Registration, Z 0.001(0.001)**
Helpful Subject Score, Z 0.171(0.050)*** 0.195 (0.050)***

(0.050)

# Logins, Last 3 Months, Z 0.004 (0.001)***  0.006 (0.001)***

% Sessions with Rating Activity, Z 0.732 (0.144)***  0.872 (0.141)***

Recent Error of Recommendations, Z -0.477 (0.186)**  -0.427(0.191)**
(0.210)

Constant, ao 4.351 (0.308)***  4.606 (0.210)***
Observations 356 356

Adjusted R squared 0.342 0.304
Corr(predict #ratings, actual #ratings) 0.622 0.514

p-value 0.000 0.000

Notes:

1. Standard errors in parentheses.
2. Significant at: * 10-percent level; ** 5-percent level; *** 1-percent level.

of the fun score, statistically significant at 1 percent. Both measures of taste
are significant and have strong effects, which confirms the theoretical prediction
that users with rare tastes tend to rate more.

Our control variables, used to account for user-specific characteristics, also
improve the overall predictive power of the model. The percentage of sessions
over the last three months that includes rating activity has a strong, significant
effect. Recent error of recommendations, measured in terms of a user’s mean
absolute error (MAE) over the last 20 ratings has a significant negative effect
on predicted ratings.

The regression analysis has an adjusted R-squared of 0.342 and the correlation
between the predicted and actual number of ratings is 0.622 (p < 0.001). As is
common practice in the social sciences, we report the adjusted R-squared, which
imposes a penalty for adding additional but irrelevant independent variables. In
terms of a cross-sectional economic study, this is a strong result.*

4 “In the social science, low R-squared in regression equations are not uncommon,
especially for cross-sectional analysis.”[16] For cross-section data, such as those we
have, a R-squared above 0.2 is usually considered decent. For example, Ashenfelter
and Krueger report R-squared in the range of 0.2 and 0.3, with a sample size of
298 [1]. Levitt reports R-squared in the range of 0.06 and 0.37 with a sample size
between 1,276 and 4,801 [11].
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Table 3 also shows the results of our reduced model, which consists of only
behavioral data. The adjusted R-squared is 0.304 and the correlation between
the predicted number of ratings and the actual number of ratings is 0.514
(p < 0.001), both slightly worse than the full model. However, the advantage
of the reduced model is that the necessary data are available without extensive
surveying.

We have conducted ten-fold cross-validation for both the full and reduced
empirical models. The results are robust and are available upon request.

4 Discussion

Achieving an R-squared value of 0.34 implies that we are able to explain a sig-
nificant portion of individual rating behavior. This has two direct applications.
First, we use these results to increase our understanding of user motivations and
behavior. We have identified markers of behavior that guide us in further site
development. To be specific, before conducting this analysis we believed that a
particularly effective way of increasing ratings would be to reveal to users the
extent of their effect on others. In view of the results we found, we now believe
it may be more effective to focus on increasing the fun and non-prediction per-
sonal benefits of rating through better interfaces for rating and making lists,
better interfaces for browsing collections of one’s own ratings, and increased
use of games that engage users in the system. At the same time, we originally
were quite skeptical of any “pre-surveys” or other barriers to entering the sys-
tem, but now see that using them may serve as an indicator of good citizenship
and might well lead to increasing the percentage of new users who become high
raters.

Second, we can use these results to start thinking about personalized in-
terfaces, to go along with the already-personalized content. Now that we can
efficiently fit users into this model, we can choose to emphasize different ele-
ments of the system to them. Users who most directly benefit from prediction
quality can be given updated information on the quality of their recent predic-
tions and the estimated increase in quality from the next quantum of ratings.
Users who are more interested in the fun of rating itself can receive different
cues and prompts.

Of course, we must include a very important caveat. We discovered quite
early that the users in our sample are very much power users. Before making
major site changes that would affect all users we would want to extend this
analysis to include a broader range of newer and infrequent users.

Lessons Learned. The entire process of conducting this analysis was filled with
lessons, many of them the direct result of a first-time collaboration between a
pair of computer scientists and a pair of economists. While the process was
rewarding, we should warn those attempting it the first time that there is a
substantial learning curve. The computer scientists in the team not only had to
re-learn the Greek alphabet, but had to learn to formalize years of intuition about
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user behavior in new ways. This led to challenging but rewarding attempts to
operationalize the abstract parameters of the analysis through mixtures of survey
and behavioral data. At the same time, the nature of working with the online
MovieLens community handicapped the economists on our team. In contrast
with most experimental economics work, our users steadfastly resisted attempts
to monetize their experience with the system, adding substantial challenges to
the task of estimating value and cost.

If we were to repeat this effort, we would likely take a more iterative approach
to surveying the users. While our survey design was appropriate for our modeling
task, the effect of user behavior on that design made the modeling much harder.
With greater iteration we probably would have been better able to substitute
time for money in the overall analysis of cost and value.

Finally, we must address the question of whether economic modeling is a
valuable approach for studying and personalizing an interactive web site. While
this answer certainly depends upon the details of the site, in general we think
it is so long as a sufficient amount of data is available to support the process.
Economic models have the nice property of building formality from a base of
initial understanding. Unlike a neural network, they don’t simply appear from
data. But unlike a neural network, they return significant understanding of the
population being analyzed.

Future Work. We are currently engaged in a series of experiments to learn
whether certain laboratory-tested economic theories of collective action apply
to the more real-world environment of online communities. Specifically, we plan
a set of field studies that look at theories of reciprocity and inequality aver-
sion to determine how user contributions to a collective good are affected by
awareness of the contributions of others. Following this work, we plan to explore
incentive-personalized interfaces to MovieLens—interfaces that provide the spe-
cific cues and information that motivate each particular user to contribute to
the system.

5 Conclusions

Economic modeling is a formal method for combining initial understanding about
a user population with data to refine that understanding. We developed an
economic model of rating behavior of MovieLens users, tying that behavior to
a number of factors that determine how much the user benefits from ratings—
directly and indirectly-and how much effort the user requires to enter those
ratings. The process gave us insight into the motivations of our user community,
and resulted in a useful model able to explain a substantial percentage of user
variation in rating behavior.
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