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Declaration of Sean M. McNee 

I, Sean M. McNee, being at least eighteen (18) years of age and of sound 

mind, hereby declare the following: 

1. In 2003, I was a doctoral candidate in the Department of Computer 

Science and Engineering at the University of Minnesota-Twin Cities. I was part 

of the research lab named GroupLens, which was led by professors John Riedl and 

Joseph Konstan. The GroupLens lab was known for its research since the early 

1990's in recommender systems, online communities, mobile and ubiquitous 

technologies, digital libraries, and local geographic information systems. 

2. I am the first author of a paper entitled "Confidence Metrics and 

Displays in Recommender Systems" (henceforth, "the Paper"). I led the drafting, 

reviewing, and editing of this Paper, and performed part of the experiments that 

were carried out. The Paper was presented at the conference INTERACT'03 and 

published in the Proceedings of INTERACT '03. 

3. INTERACT is an annual conference organized by TC 13 (Technical 

Committee 13 on Human-Computer Interaction) of the International Federation for 

Information Processing (IFIP). INTERACT'03 was the conference held in 

September 2003 at the research university ETH Zurich. As a prominent global 

research forum organized by the IFIP, INTERACT draws a sizeable attendance of 
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the public interested in hardware and software technologies, networked 

information systems, and human-computer interaction (HCI). 

4. I have reviewed the document attached as Appendix A and compared 

it with my copy of the conference proceedings, which has been in my possession 

since 2003. It is a true and accurate copy that includes the cover and front matter of 

the book and the Paper entitled "Confidence Metrics and Displays in 

Recommender Systems" that I co-authored, presented at the conference in 2003, 

and was published in the conference proceedings in 2003. 

5. The Paper was disseminated to persons interested and ordinarily 

skilled in its subject matter at INTERACT'03. I personally attended 

INTERACT'03 and presented the Paper on September 3, 2003. I remember that 

the session was held in the HPH building, which was a building with concert-style 

seating. The Paper was the last among four papers presented during the session. I 

presented the Paper and there was a Q&A session. The researchers attending this 

session of the conference showed interest in the Paper and the underlying research, 

and asked various questions to which I responded. In particular, I remember 

discussing the subject-matter of the Paper with Markus Stolze from the IBM 

Research Zurich Lab, who was an organizer of the conference. 

6. The Paper was also disseminated in printed fmm as part of the 

conference proceedings. It was included in the conference fee and distributed to the 
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interested public on arrival at the conference registration table. Additional copies 

were available for the price of 100 swiss francs, which was converted to about 70 

U.S. dollars at the time. I remember ordering two copies, one for myself and one 

for Cathy Guetzlaff, a fellow graduate student at the University of Minnesota­

Twin Cities and co-author of the Paper. I received these copies on the first day of 

the conference while registering. I remember seeing other attendees with their own 

copies of the conference proceedings, perusing the content. 

I declare under penalty of perjury under the laws of the United States of 

America that the fore going is true and correct. 

Executed on: _ 8_/t ............ <_,/_-kl_ Z_4 __ 
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IFIP-The International Federation for Information Processing 

IFIP was founded in 1960 under the auspices of UNESCO, following the First World Computer Congress held 
in Paris the previous year. An umbrella organization for societies working in information processing, IFIP's 
aim is two-fold: to support information processing_within its member countries and to encourage technology 
transfer to developing nations. As its mission statement clearly states: 

IFIP's mission is to be the leading, truly international, apolitical organization, which encourages 
and assists in the development, exploitation and application of information technology for the 
benefit of all people. 

IFIP is a non-profit making organization, run almost solely by 2500 volunteers. It operates through a number 
of technical committees, which organize events and publications. IFIP's events range from an international 
congress to local seminars, but the most important are: 

• the IFIP World Computer Congress, held every second year;

• open conferences;

• working conferences.

The flagship event is the IFIP World Computer Congress, at which both invited and contributed papers are 
presented. Contributed papers are rigorously refereed and the rejection rate is high. 

As with the Congress, participation in open conferences is open to all and papers may be invited or submitted. 
Again, submitted papers are stringently refereed. 

The working conferences are structured differently. They are usually running by a working group and 
attendance is small and by invitation only. Their purpose is to create an atmosphere conducive to innovation 
and development. Refereeing is less rigorous and papers are subjected to extensive group discussion. 

Publications arising from IFIP events vary. The papers presented at the IFIP World Computer Congress and at 
open conferences are published as conference proceedings, while the results of the working conferences are 
often published as collections of selected and edited papers. 

Any national society whose primary activity is in information may apply to become a full member of IFIP, 
although full membership is restricted to one society per country. Full members are entitled to vote at the 
Annual General Assembly. National societies preferring a less committed involvement may apply for 
associate or corresponding membership. Associate members enjoy the same benefits as full members, but 
without voting rights. Corresponding members are not represented in IFIP bodies. Affiliated membership is 
open to non-national societies, and individual and honorary membership schemes are also offered. 

--� ------------------------------------------

.

Amazon.com, Inc., Amazon.com Services LLC - Ex. 1009, Page 000007



ges 
the 

ber 

,nal 

are 

:ed. 

md 

ion 

i at 
are 

�IP,

the

for

but
, is

Human-Computer Interaction 
INTERACT '03 

IFIP TC13 International Conference 

on Human-Computer Interaction, 

1st 
- 5th September 2003, Zurich, Switzerland

Edited by 

Matthias Rauterberg 
Technical University Eindhoven 

The Netherlands 

Marino Menozzi 
Swiss Federal Institute of Technology 

Switzerland 

Janet Wesson 
University of Port Elizabeth 

South Africa 

Published by 105 Press on behalf of the 
International Federation for Information Processing (IFIP) 

/OS 
Press 

Amsterdam• Berlin• Oxford• Tokyo• Washington, DC 

Amazon.com, Inc., Amazon.com Services LLC - Ex. 1009, Page 000008

ANM 
~::= 
Ohmsha 



© 2003, IFIP - International Federation for Information Processing 

Apart from any fair dealing for the purposes of research or private study, or criticism or review, as 
permitted under the UK Copyright and Designs and Patents Act, 1988, this publication may not be 
reproduced, stored, or transmitted, in any form or by any means, without the prior permission in writing 
of the publishers, or in the case of reprographic reproduction only in accordance with the terms and 
licences issued by Copyright Licensing Agency in the UK, or in accordance with the terms of licences 
issued by the appropriate Reproduction Rights Organisation outside the UK. Enquiries concerning 
reproduction outside the terms stated here should be sent to the publishers at the Amsterdam address on 
this page. 
The Publisher makes no representation, expressed or implied, with regard to the accuracy of the 
information contained in this book an cannot accept liability for any error or omissions that may be made. 
According to the contract between IFIP and the publisher each author has the right to mount his/her own 
paper on his/her own homepage during the period of validity of this contract, if the reference to this book 
is included. 

ISBN 1 58603 363 8 (IOS Press) 
ISBN 4 274 90614 0 C3055 (Ohmsha) 
Library of Congress Control Number: 2003109569 

Publisher 

IOS Press 

Nieuwe Hemweg 6B 

1013 BG Amsterdam 

The Netherlands 

fax: +31 20 620 3419 

e-mail: order@iospress.nl 

Distributor in the UK and Ireland 

IOS Press/Lavis Marketing 

73 Lime Walk 

Headington 

Oxford OX3 7 AD 

England 

fax: +44 1865 75 0079 

Distributor in Japan 

Ohrnsha, Ltd. 

3-1 Kanda Nishiki-cho

Chiyoda-ku, Tokyo 101-8460

Japan

fax: +81 3 3233 2426

Legal Notice 

Distributor in the USA and Canada 

IOS Press, Inc. 

5795-G Burke Centre Parkway 

Burke, VA 22015 

USA 

fax: + 1 703 323 3668 

e-mail: iosbooks@iospress.com

The publisher is not responsible for the use, which might be made of the contents of this book. 
Printed in The Netherlands 

Typeset by '1,-j)jrnfer 

� -- ---------------------------------------- . 

Edito 

Edito 

IFIP" 

IFIP" 

Coop 

Interr 

INTE 

Part 

Mobi 
Wolf& 

Logit 
Dani1 

Hum: 
Alex J 

Part 

Very 

Towa 
Mary 

Entic: 
HarrJ 

UID, 

What 
Jimm_ 

Hype 
Frani 

lnterf 
John 

Amazon.com, Inc., Amazon.com Services LLC - Ex. 1009, Page 000009

mailto:order@iospress.nl
mailto:iosbooks@iospress.com


as 
:>e 
1g 

1d 
es 
1g 

)Il 

m 
>k

Editors' Preface 

Editors' Note 

IFIP TC13 

IFIP TC13 Members 

Cooperating Societies 

International Program Committee 

INTERACT '03 Committees 

Part One Keynote Speakers 

Mobile Multimodal Dialogue Systems 
Wolfgang Wahlster 

Logitech: the Interface Company 
Daniel Borel 

Contents 

Human Design: Building Computation around Human Networks 
Alex Pentland 

Part Two Technical Sessions 

Very Large Displays 

V 

xxi 

xxiii 

xxiv 

XXV 

xxvi 

xxvii 

xxix 

3 

4 

5 

Toward Characterizing the Productivity Benefits of Very Large Displays 9 
Mary Czerwinski, Greg Smith, Tim Regan, Brian Meyers, George Robertson and Gary Starkweather 

Enticing People to Interact with Large Public Displays in Public Spaces 17 
Harry Brignull and Yvonne Rogers

UI Design 

What Makes a Good Answer? The Role of Context in Question Answering 25 
Jimmy Lin, Dennis Quan, Vineet Sinha, Karun Bakshi, David Huynh, Boris Katz and David R. Karger 

Hyper-Hitchcock: Towards the Easy Authoring oflnteractive Video 33 
Frank Shipman, Andreas Girgensohn and Lynn Wilcox 

Interface Design for Myinfo: A Personal News Demonstrator Combining Web and TV Content 41 
John Zimmerman, Nevenka Dimitrova, Lalitha Agnihotri, Angel Janevski and Lira Nikolovska 

Amazon.com, Inc., Amazon.com Services LLC - Ex. 1009, Page 000010



vi Contents 

Bimanual Interaction on the Microsoft Office Keyboard 
Hugh Mcloone, Ken Hinckley and Edward Cutrell 

Drag-and-Pop and Drag-and-Pick: Techniques for Accessing Remote Screen Content on Touch- and 
Pen-Operated Systems 
Patrick Baudisch, Edward Cutrell, Dan Robbins, Mary Czerwinski, Peter Tandler, Benjamin Bederson 
and A lex Zierlinger 

Questioning the Effectiveness of Contextual Online Help: Some Alternative Propositions 
Antonio Capobianco 

Software to Sketch Interface Designs 
Beryl Plimmer and Mark Apperley 

Touch Feedback 

TetraTetris: A Study of Multi-user Touch-based Interaction Using DiamondTouch 
Christian Col/berg, Stephen Kobourov, Steven Kobes, Ben Smith, Stephen Trush and Gary Yee 

Effective Vibrotactile Cueing in a Visual Search Task 
Robert W Lindeman, Yasuyuki Yanagida, John L. Sibert and Robert Lavine 

Collaboration Meets Fitts' Law: Passing Virtual Objects with and without Haptic Force Feedback 
Eva-Lotta Salinas and Shumin Zhai 

Spoken Language Interface 

Error Resolution Strategies for Interactive Television Speech Interfaces 
Aseel Berglund and Pernilla Qvarfordt 

InterActor for Human Interaction and Communication Support 
Tomio Watanabe, Masashi Okubo and Ryusei Danbara 

Eye Tracking 

Command without a Click: Dwell Time Typing by Mouse and Gaze Selections 
John Paulin Hansen, Anders Sewerin Johansen, Dan Witzner Hansen, Kenji Jtoh and Satoru Mashino 

Proactive Response to Eye Movements 
Aulikki Hyrskykari, Pdivi Majaranta and Kari-Jouko Raihd 

Symbol Creator: An Alternative Eye-based Text Entry Technique with Low Demand for Screen 
Space 
Darius Miniotas, Oleg Spakov and Grigori Evreinov 

Designing for Visual Influence: An Eye Tracking Study of the Usability of Graphical Management 
Information 
James A. Renshaw, Janet E. Finlay, David Ty/a and Robert D. Ward 

Agent Design 

Programmorphosis: A Knowledge-based Approach to End-user Programming 
Andri Joannidou 

49 

57 

65 

73 

81 

89 

97 

113 

121 

129 

137 

144 

152 

- --- ---------------------------------------

Human 
Li Gon; 

Experir 
Stepha, 

Confid< 
SeanM 

Search 

Milestc 
Meredi 

Listen 1 
Monicl 

SimpliJ 
Andrea 

Deskto 
Sean u 

The Pr: 
Alexan 

A Grar 
Ryen fl 

User Ir 
Dennis 

Displa 

High-d 
Patricl 

Reacti' 
N. Har

Effect� 
Multip 
DesneJ 

U1 for 

User Ii 
Hideh1 

The Pt 
Jesper 

Multir. 
Xiaocl 

Amazon.com, Inc., Amazon.com Services LLC - Ex. 1009, Page 000011

105 



49 

57 

65 

73 

81 

89 

97 

105 

113 

121 

129 

• 137

144 

152 

Contents 

Human and Humanoid Don't Match: Consistency Preference_and Impact on Users' Trust 
Li Gong 

Experimental Evaluation of Bi-directional Multimodal Interaction with Conversational Agents 
Stephanie Buisine and Jean-Claude Martin 

Confidence Displays and Training in Recommender Systems 
Sean M. McNee, Shyong K Lam, Catherine Guetzlaff, Joseph A. Konstan and John Riedl 

Search and Retrieval 

Milestones in Time: The Value of Landmarks in Retrieving Information from Personal Stores 
Meredith Ringel, Edward Cutrell, Susan Dumais and Eric Horvitz 

Listen to the Music: Audio Preview Cues for Exploration of Online Music 
Monica C Schraefel, Maria Karam and Shengdong Zhao 

Simplifying the Management of Large Photo Collections 
Andreas Girgensohn, John Adcock, Matthew Cooper, Jonathan Foote and Lynn Wilcox 

vii 

160 

168 

176 

184 

192 

196 

Desktop History: Time-based Interaction Summaries to Restore Context and Improve Data Access 204 
Sean Uberoi Kelly and John P. Davis 

The Pragmatic Web: Agent-based Multimodal Web Interaction with no Browser in Sight 
Alexander Repenning and James Sullivan 

A Granular Approach to Web Search Result Presentation 
Ryen W White, Joemon M. Jose and Ian Ruthven 

User Interfaces for Supporting Multiple Categorization 
Dennis Quan, Karun Bakshi, David Huynh and David R. Karger 

Display 1/0 

212 

220 

228 

High-density Cursor: A Visualization Technique that Helps Users Keep Track of Fast-moving Mouse Cursors236 
Patrick Baudisch, Edward Cutrell and George Robertson 

Reactive Information Displays 
N Hari Narayanan and Daesub Yoon 

Effects of Visual Separation and Physical Discontinuities when Distributing Information across 
Multiple Displays 
Desney S. Tan and Mary Czerwinski 

ill for Mobile Systems 

User Interface Transformation Method for PC Remote Control with Small Mobile Devices 
Hidehiko Okada and Toshiyuki Asahi 

The Process of Developing a Mobile Device for Communication in a Safety-critical Domain 
Jesper Kjeldskov and Jan Stage 

Multimodal Menu Interface for Mobile Web Browsing 
Xiaochuan Ma, Paul P. Maglio and Hui Su 

244 

252 

256 

264 

272 

Amazon.com, Inc., Amazon.com Services LLC - Ex. 1009, Page 000012



1113 

1115 

1123 

Editors' Preface: Past, Present, and Future 

The inaugural IFIP TC13 chair Brian Shackel is quoted as saying that 

"From early days ( cf Licklider & Clark, 1962) the need for larger displays has been emphasised; 
but just when it seemed, in the late 1980s, that full page and larger displays would come with 
lower prices, the focus in the industry turned to portability and we moved backward to smaller 
screens. While there was some improvement, larger screens (eg 21 inch CRT displays) are still 
not available at an acceptable price; as long ago as 1977 Kay & Goldberg (1977) in their 
Dynabook concept specified a display the size of a full paper page, but I know of no portable 
laptop, let alone notebook, which has an A4 page size screen." (Brian Shackel, 2000) 

XXI 

Today the situation has changed, and we are happy to recognize the improvements made by industry in order 
to satisfy the needs of customers and users. In the past, these developments included attempts to achieve 
"man-machine symbiosis" (Licklider, 1960), the "augmentation of human intellect" (Engelbart, 1963), the 
"Dynabook" (Kay and Goldberg, 1977), and "ubiquitous computing" (Weiser, 1991). This line of 
development resulted in a number of important building blocks for HCI. Some of these building blocks 
include the mouse, bitmapped displays, personal computers, windows, the desktop metaphor and point-and­
click applications. Research on operating systems, meanwhile, has developed techniques for interfacing a 
variety of input/output devices, for tuning system response time to human interaction times, for 
multiprocessing and for supporting windowing environments and animation. 

Many early problems faced by researchers working on human factors had strong sensory-motor features. 
The problem of the operation of computers by humans was a natural extension of classical human factors 
concerns, except that the new problems had substantial cognitive, communication and interaction aspects not 
previously encountered in human factors. Ergonomics is similar to human factors, but it arose from studies of 
work practice. As with human factors, the concerns of ergonomics tended to be at the sensory-motor level, but 
with an additional psychological flavour and an emphasis on stress. Human interaction with computers was 
also a natural topic for ergonomics, but again, a cognitive extension to the field was necessary, resulting in the 
current "cognitive ergonomics" and "cognitive engineering." Because of their roots, ergonomic studies of 
computers emphasize the relationship to the work setting and the effects of stress factors, such as the routine 
of work, sitting posture, or the visual design of displays. Industrial engineering arose out of attempts to raise 
industrial productivity starting in the early years of the last century. The early emphasis in industrial 
engineering focused on the design of efficient manual methods for work, the design of specialized tools to 
increase productivity and reduce fatigue, and, to a lesser extent, the design of the social environment. 

Interaction with computers is an important topic for the field of industrial engineering in the context of 
how the use of computers fits into the larger design of work methods. In addition, the growth of discretionary 
computing and the mass personal computer and workstation computer markets have meant that sales of 
computers are more directly linked to the quality of their interfaces than in the past. This has resulted in the 
gradual evolution of a standardized interface architecture from hardware support of mice to shared window 
systems to application layers. Along with these changes, researchers and designers have begun to develop 
specification techniques for user interfaces and testing techniques for the practical design and production of 
interfaces. 

As the technological and social contexts have changed, so the focus of HCI has changed accordingly. It 
is now time to consider HCI not just from a technical point of view, but also from an ergonomic, design and 
artistic point of view. One of the most prominent perspectives that has emerged is the user-centered design 
(UCD) paradigm. This conference presents an excellent opportunity for people from different backgrounds 
and expertise to meet and discuss the state of the art and the future ofHCI. 
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We hope this conference will open new doors to the future for HCI developers, researchers and societies 
throughout the world. 

Matthias Rauterberg 
Technical University Eindhoven 
The Netherlands 
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Editors' Note 

The proceedings contain 82 full papers, 7 doctoral consortium papers, 64 short papers, 7 tutorial papers, l 
panel paper, 9 workshop papers, 13 poster papers, 6 interactive experience papers, 4 video papers, 7 system 
demonstration papers, 8 HCI societies papers, 7 organizational overview papers, and 4 special interest group 
papers, that were accepted for presentation at INTERACT'03 following an open call for participation. 

Submissions and the reviewing process reflect the international nature of INTERACT: 241 full papers, 
12 doctoral consortium papers, 125 short papers, 19 tutorial proposals, 3 panel proposals, 13 workshop 
proposals, 18 poster submissions, 15 interactive experience proposals, 6 video papers, 10 system 
demonstration papers, 10 HCI societies papers, 11 organizational overview papers, and 5 special interest 

group proposals. 
Each submission was reviewed by at least 3 referees drawn from the International Program Committee of 

202 HCI experts from 28 different countries (1 Afghanistan, 15 Australia, 3 Austria, 2 Belgium, I Brazil, 4 
Canada, 1 China, 2 Denmark, 2 Finland, 11 France, 21 Germany, 2 Greece, 1 Israel, 5 Italy, 15 Japan, 12 
Netherlands, 9 New Zealand, 2 Norway, 1 Poland, 5 Portugal, 1 Romania, 2 Singapore, 4 South Africa, 7 
Spain, 5 Sweden, 10 Switzerland, 19 UK, 39 USA), and the 36 members of the Technical Programme 

Committee. 
The final conference program, as represented in this volume, was selected on the basis of (1.) referees' 

ratings and comments, (2.) administrative requirements (copyright form, style/format, etc), and (3.) program 

balance. 
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IFIP TC13 

Established in 1989, the International Federation for Information Processing Technical Committee on Human­
Computer Interaction (IFIP TC13) is an international committee of 29 member national societies and 5 
Working Groups, representing specialists in human factors, ergonomics, cognitive science, computer science, 
design and related disciplines. INTERACT is its flagship conference, staged biennially in different countries 
in the world. The next INTERACT conference, INTERACT 2005, will be held September 12-16 in Rome, 
Italy. 

IFIP TC13 aims to develop a science and technology of human-computer interaction by encouraging 
empirical research, promoting the use of knowledge and methods from the human sciences in design and 

evaluation of computer systems; promoting better understanding of the relation between formal design 
methods and system usability and acceptability; developing guidelines, models and methods by which 
designers may provide better human-oriented computer systems; and, co-operating with other groups, inside 
and outside IFIP, to promote user-orientation and "humanisation" in system design. Thus, TC13 seeks to 
improve interactions between people and computers, encourage the growth of HCI research and disseminate 
these benefits world-wide. 

The main orientation is towards users, especially the non-computer professional users, and how to 
improve human-computer relations between them. Areas of study include: the problems people have with 
computers; the impact on people in individual and organisational contexts; the determinants of utility, 
usability and acceptability; the appropriate allocation of tasks between computers and users; modelling the 
user to aid better system design; and harmonising the computer to user characteristics and needs. 

While the scope is thus set wide, with a tendency towards general principles rather than particular 
systems, it is recognized that progress will only be achieved through both general studies to advance 
theoretical understanding and specific studies on practical issues ( e.g. interface design standards, software 
system consistency, documentation, appropriateness of alternative communication media, human factors 

guidelines for dialogue design, the problems of integrating multi-media systems to match system needs and 
organizational practices , etc.). 

IFIP TC13 stimulates working events and activities through its Working Groups. WGs consist of HCI 
experts from many countries, who seek to expand knowledge and find solutions to HCI issues and concerns 
within their domains, as outlined below: 

In 1999, TC13 initiated a special IFIP Award, the Brian Shackel Award, for the most outstanding contri­
bution in the form of a refereed paper submitted to and delivered at each INTERACT. The award draws 
attention to the need for a comprehensive human-centred approach in the design and use of information 
technology in which the human and social implications have been taken into account. Since the process to 
decide the award takes place after papers are submitted for publication, the award is not identified in the 
Proceedings. 
WG13.1 (Education in HCI and HCI Curricula) aims to improve HCI education at all levels of higher 
education, coordinate and unite efforts to develop HCI curricula and promote HCI teaching; 
WG13.2 (Methodology for User-Centered System Design) aims to foster research, dissemination of 
information and good practice in the methodical application ofHCI to software engineering; 
WG13.3 (HCI and Disability) aims to make HCI designers aware of the needs of people with disabilities and 
encourage development of information systems and tools permitting adaptation of interfaces to specific users; 
WG13. 4 (also WG2.7) (User Interface Engineering) investigates the nature, concepts and construction of 
user interfaces for software systems, using a framework for reasoning about interactive systems and an 
engineering model for developing user interfaces; 
WG13.5 (Human Error, Safety and System Development) seeks a framework for studying human factors 
relating to systems failure, develops leading edge techniques in hazard analysis and safety engineering of 
computer-based systems, and guides international accreditation activities for safety-critical systems. 
New Working Groups are formed as areas of significance to HCI arise. 
Further information is available at the IFIP TC13 website: http://www.ifip-hci.org/ 
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Confidence Displays and Training in Recommender Systems 
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Abstract: Recommender systems help users sort through vast quantities of infonnation. Sometimes, however, 
users do not know if they can trust the recommendations they receive. Adding a confidence metric has the 
potential to improve user satisfaction and alter user behavior in a recommender system. We perfonned an 
experiment to measure the effects of a confidence display as a component of an existing collaborative filtering­
based recommender system. Minimal training improved use of the confidence display compared to no training. 
Novice users were less likely to notice, understand, and use the confidence display than experienced users of the 
system. Providing training about a confidence display to experienced users greatly reduced user satisfaction in 
the recommender system. These results raise interesting issues and demonstrate subtle effects about how and 
when to train users when adding features to a system. 

Keywords: Recommender Systems, Collaborative Filtering, Confidence Displays, Risk, Training 

1 Introduction 

People face the problem of infonnation overload 
every day. As the number of web sites, books, 
magazines, research papers, and so on continue to 
rise, it is getting harder to keep up. In recent years, 
recommender systems have emerged to help people 
find relevant information. 

Collaborative filtering (CF) is a family of 
algorithms commonly used in recommender 
systems. CF works by having users rate items (e.g., 
books or movies) and then matching users who 
express similar preferences. Thus, each user has a 
personalized "neighborhood" of similar users, all of 
whom have rated different items. The system 
recommends items that a user's neighbors like that 
the user has not seen. For example, MovieLens 
(www.movielens.org) is a CF-based movie 
recommender where users rate movies and receive 
recommendations on which movies to watch and 
which ones to avoid. 

One strength of CF systems is that they can 
recommend items outside the user's usual content 

range. For example, a fan of science fiction may 
receive a recommendation for a particular art film 
because other science fiction fans liked it. This 
serendipity in recommendations is one of the 
strengths of collaborative filtering. 

It is also one of its weaknesses. CF algorithms 
often recommend obscure items that are known only 
by a few loyal fans. Will users trust a system that 
recommends many obscure items? The popularity 
distribution of items in the recommender system 
compounds this problem. Though MovieLens has 
over 70,000 users and 6 million ratings, many of its 
6,000 films have few ratings. If a fan of one of 
these obscure items is in a user's neighborhood, 
there is unlikely to be any second opinion. This can 
result in highly serendipitous recommendations, but 
also ones based on very little data. 

This is not entirely bad, as people might find 
such recommendations to be useful. However, since 
the recommendation is based on little data, the 
recommendation is less likely to be correct. 
Believing these recommendations then poses a risk 
for the user. The less confident the system is, the 
greater the risk. By providing a confidence display 
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for recommendations, the system could help users 
make better-informed decisions about whether to 

follow specific recommendations. This in tum could 
inspire trust in the system by making the 
recommendation process more transparent to the 
user. 

Accordingly, we explore both the question of 
whether a confidence display should be added to 
recommender systems, and the equally important 
question of how to successfully add such a 
confidence display. We believe that these questions 
may have different answers for new versus 
experienced users since new users may be 
overwhelmed by a system and experienced users 
may have already developed sophisticated (and 
possibly inaccurate) mental models of how the 
system works. 

For these reasons, we separately examined the 
reactions of new and experienced users. We also 
examined whether training improved users' 
reactions to the confidence display. Training could 
help experienced users adjust their mental models 

gently, while allowing new users to more easily 
navigate the interface and help them build more 
accurate models of how the system makes 
recommendations. 

1.1 Contributions 

We propose a basic confidence display to be used in 

recommender systems, and we answer the following 
questions about this display: 
1. How does adding a confidence display change

users' satisfaction with a recommender system?

2. How does adding a confidence display change
users' behavior in a recommender system?

3. Do new and experienced users react differently
to such a confidence display?

4. How does providing training on a confidence
display in a recommender system affect user
satisfaction and behavior?

The outline of the paper is as follows. First we
explore related work in collaborative filtering and in 
confidence displays. Next, we propose and justify 
our confidence display. Then we present the design 
and results of our experiment. Finally, we discuss 
our findings, and state some implications for 
designers of recommender systems, which may 
prove useful to designers in general. 

2 Related Work 

Automated collaborative filtering was introduced in 
1994 [Resnick I 994]. Herlocker et al. and Breese et 
al. provide overviews of various CF algorithms 

[Breese 1998, Herlocker 1999]. From the earliest 
work on CF systems, researchers have hoped to 

develop mathematical and statistical measures of 
confidence, but the large number of sources of errors 

has made this problem extremely difficult, if not 
intractable. While many new algorithms for 

computing recommendations have been developed 
(e.g., item-based CF [Sarwar 2001], Bayesian 
networks [Breese 1998) and factor analysis [Canny 
2002)), none of these provide a statistical measure of 
the confidence of a recommendation. 

Our work extends previous CF work by 

suggesting a basic confidence metric that can be 
used by any recommender system. We then 
experimentally evaluate a confidence display using 
this metric. This work can also be viewed as a way 
to increase trust in recommendation algorithms, an 
area investigated by Swearingen et al. [2002). 

In the realm of confidence metrics and displays 
in interfaces, Carsewell et al. [1990) explored the 
interaction and interference between two display 
variables, such as for a recommendation and 

prediction metric. Herman et al. performed a study 
on fighter pilots' displays showing confidence 
estimates on enemy locations [Herman 1971]. 
Confidence metrics have also been explored for 

boosting algorithms in machine learning [Schapire 
1999]. MovieCritic (www.moviecritic.com, no 

longer active) had a bull's-eye UI graphic to indicate 
a level of confidence in their movie 
recommendations (though it did not reveal the 
metric behind the display). Finally, Herlocker 
[Herlocker 2000) explored several different 

interfaces for explaining collaborative filtering 
recommendations. 

We extend this work by studying how a 
confidence display in a recommender system affects 
users' opinion of and behavior in the system. Once 
we have seen how confidence affects users, we can 
revisit this work to develop more sophisticated 

confidence metrics and better ways to display them. 
Mack et al. [ 1983] found that learning to use 

complex user interfaces can be extremely difficult 
for users. They proposed various training methods 
to help users learn the system. Since then, 
McGrenere et al. [2002) have shown that complex 
interfaces are still difficult to learn. Carroll [ 1990] 

has proposed that a simpler "learning interface" 
should be used for new users. Windows XP from 
Microsoft, for example, now includes training for 
interface elements including popup windows and 
wizards to guide users through unfamiliar parts of 
the user interface. 
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Figure 1: Percentage above average MAE in MovieLens 
recommendations, grouped by how many ratings the 
system has for each item recommended. The y-axis 
represents the percentage increase over the average, while 
the x-axis shows the number of ratings each movie had, 
binned into groups of 20. Movies with few ratings have 
higher error. 

We investigate empirically how timing and 
training affects users' reactions to the introduction 
of a new interface element. 

3 Confidence in Recommenders 

There are many possible indicators of low 
confidence that could be used to generate a metric. 
A user-item CF algorithm could base a metric on the 
strength of the user's neighborhood; an item-item 
algorithm could use a measure of item similarity; 
and an SYD or factor analysis algorithm might 
consider the outlier items that complicate the 
reduction. Instead of focusing on one particular 
algorithm, however, we looked for a metric that all 
CF-based systems could employ. 

Ratings are at the core of all CF-based systems. 
Whether explicitly entered or implicitly gathered, 
the more ratings the system has for a user, the better 
the system knows the user. Similarly, the more 
ratings for an item the system has, the better it 
knows that item. Thus, for an item with few ratings, 
it is plausible that a recommender system could 
make less accurate predictions. 

Figure 1 shows that movie predictions in 
MovieLens for movies with many ratings are more 
accurate than those with few ratings. Specifically, 
the graph shows changes in mean absolute error 
(MAE) averages for recommendations, grouped by 
the number of ratings the system has for the movie 
being recommended. The movies are grouped into 
bins of 20: 1-20 ratings, 21-40, etc. 

I ReC.ntDVDI 
1. Beautiful Mind, A (2001)

2. Red Beard (Akahige) (1!:65)

3. From Hell (2(1)1)
4. Traffic ('2(0)) 

5. Horse's Mou1h, The (1968)

•**** 

****" 
A: A: U::, -j.�; 

Figure 2: Dice icons indicate that The Horse's Mouth is 
risky, and that Akahige is very risky, because the system 
has few ratings for these items. 

This graph suggests that the number of ratings an 
item has can be used as a simple, non-personalized 
measure of confidence for predictions in a 
recommender system. This metric is extremely 
simple to calculate and can be easily implemented in 
any recommender system, so we chose it as our 
confidence metric for the experiments in this paper. 

Figure 2 shows our user interface display for 
confidence. Movies recommended with few ratings 
were considered "risky" movies. We chose to use 
dice as our visual indication of risk because they 
connote chance and uncertainty. After reviewing the 
raised tail at left end of Figure 1, we decided that 
movies with fewer than 40 ratings were considered 
very risky and were marked with two dice. Movies 
with 41 to 80 ratings were marked with one die. 
Currently in MovieLens, 29% of the movies would 
be considered risky, with two-thirds of these 
receiving two dice. Clicking on the dice takes users 
to a page briefly explaining how MovieLens 
determines predictions, why the prediction was 
risky, and how many ratings the movie had. 

We realize that both the confidence metric and 
the corresponding display presented here are simple. 
Since we knew from surveys of MovieLens users 
that many of them desire some form of confidence 
display, we were more interested in knowing how 
adding a confidence display would affect users in 
the system than in developing the best possible 
metric. Thus, we chose to implement the simplest 
metric we could find that correlated well with actual 
error and focused our experiments on users' 
reactions. 

3.1 Training 
Users often ignore individual features as the 

number of features increases [McGrenere 2000]. 
Ideally, we can use affordances to help users 
understand what a feature does and how it is useful 
just by seeing it. When designed correctly, many 
features of a user interface should appear intuitive 
and facilitate easy and expressive communication 
between the user and the system. 
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When affordances are insufficient, designers can 
tum to other tactics. Shared social contexts and 
metaphors, encouragement of discovery, and 
training are all ways designers can get users to 
understand and use features of the interface. While 
training is heavy-handed, it is also direct [Mack 
1983). 

Training does not need to be the electronic 
equivalent of a three-day intensive seminar. A 
pointer is often all that is needed to make the feature 
apparent, especially for a secondary interface 
element such as our confidence display. In our 

experiments, user training consisted of a few 
sentences of text and one image. We hypothesize 
that even minimal training will increase users' 
ability to use and appreciate the confidence display. 

4 Experiment 

Control I No Train I Train Total 

New Users 37 32 44 JJJ 

Experienced -- 57 53 110 

Table 1: Number of users in each group. Users were 
divided into new and experienced MovieLens users. 

4.1 Design 
We performed an online study using both new and 
experienced MovieLens users. Table I shows how 
many users participated in each of the five groups. 
Users were asked to participate in a "user interface" 
experiment, told to use the system as they normally 
would, and that they would receive a survey to 
complete at the end of the three-week study. 

When a new user consented to joining the 
experiment, she was randomly placed into one of 
three groups: a control group tpat did not receive 
dice icons, an experimental group that received dice 
icons without training, or an experimental group that 
received dice icons and the page of training on their 
use. The training page consisted of the following 
text and an image similar to Figure 2: 

"Take a look at the following fake 
recommendations. Notice that some of the 
recommendations are denoted with dice 
icons. This indicates movie recommendations 
that can be considered 'risky'. While using 
MovieLens you can click on the dice icons 

for an explanation of why that 
recommendation is risky." 
Experienced users of MovieLens, after 

consenting to join the experiment, were randomly 
placed into one of two groups: an experimental 
group that received dice icons without training, and 
an experimental group that received dice icons and 
the same page of training as the new user 
experimental group. 

4.2 Survey 
After the experiment ended, we asked users the 
following questions: 
I. How often do you think MovieLens predictions

are correct?
2. How effectively do you think you can use the

system to choose the right movie to see?
3. How happy have you been with your

MovieLens experience?
4. Did you notice the dice icons?
5. Did you know what the dice icons meant?
6. How valuable were the dice icons in helping

you make your movie selection?
7. Did you avoid those movies with the dice icon
8. Did you check other sources for information

about movies with the dice icons before making
a selection?

9. Were you more likely to check other sources for
information about movies with the dice icons
than for those without?

Finally, we asked users for any extra comments.
The new-user control group received a slightly 
different version: they were not asked questions 4 
and 5, and they were then exposed to the confidence 
display as a possible addition to MovieLens and then 
were asked hypothetical variants of questions 6 
through 9. 

4.3 Task-Based Study 
Experienced users were also asked to perform 

three movie selection tasks using MovieLens with 
the confidence display. Each task presented one of 
three scenarios that we felt represented varying 
levels of risk in the movie selection process. 

The first scenario, chosen to be "risk neutral", 
was to have the user choose a movie to watch by 
herself that evening. The second scenario was a 
"risk averse" scenario requiring the user to select a 
movie to watch with a distant, but important, family 
member. The third scenario was a "risk seeking" 
scenario in which the user gets together with close 
friends often to watch a wide variety of movies, and 
this week it is the user's tum to choose the movie. 
We did not explicitly tell users that the scenarios 
were risk neutral, risk averse, or risk seeking. 
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Awareness of the Confidence Display 
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Figure 4: Differences in awareness of the confidence 
display, in percentages. Experienced users had more 
awareness and understanding of the display. Training 
increased awareness and understanding for new users. 

The task required the user to enter the movie title 
of their selection into a text box on the survey. All 
experienced users were asked to complete all three 
tasks. The "risk neutral" task was always displayed 
first, with the other two following in a random 
ordering. 

After each task, we asked the following: 
l . How sure are you that you picked a movie that

you will enjoy?
2. How sure are you that you made the best choice

possible for this situation?
3. For this situation, how happy have you been

with your MovieLens experience?
4. Did you treat movies with dice icons differently

than movies without the icons?
5. If you answered "Yes" above, in what ways did

you treat movies with dice icons differently?
6. For this situation, how valuable were the dice

icons in helping you select a movie?

5 Results 

New users logged in an average of 3.9 times during 
the experiment and rated an average of 215 movies 
each. Experienced users logged in an average of 6.6 
times and rated an average of 19 movies during the 
experiment. The experienced users had already 
rated an average of 574 movies before joining the 
experiment. 

5.1 Survey results 
Most of the subjective questions were asked on a 

5-point scale. In our results below, we display the
results in bins for negative (I or 2) or positive (4 or
5) answers. We dropped noncommittal responses.

Figure 4 shows the awareness users had of the
confidence display. New users were less likely than 

User Happiness 
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Figure 5: User happiness with MovieLens, in percentages. 
Experienced users are happier than new users, and training 
affects happiness in both groups. 

experienced users to notice or understand the 
confidence display. Calling the icons out with 
training caused new users to notice them more 
frequently, but still not as often as experienced 
users, who noticed and understood the dice icons 
regardless of training. It is worth noting that 
experienced users also clicked the dice icons much 
more often. Untrained new users clicked on the dice 
icons an average of 0.3 times during the experiment, 
whereas those with training clicked 0.8 times. 
Untrained and trained experienced users clicked the 
dice 3.2 and 3.8 times on average, respectively. 

Figures 5 and 6 show each group's satisfaction 
with MovieLens. New users with dice icons were 
roughly as satisfied as the control group, and those 
with training had higher satisfaction. Experienced 
users had much higher opinions of MovieLens than 
new users. This is not unexpected, since 
experienced users who did not like MovieLens 
probably stopped frequenting it a while ago. 

The decline in user satisfaction for experienced 
users due to training was surprising. While training 
appears to be beneficial to new users, the 
introduction and training of a confidence display 
into the system had an adverse affect on experienced 
users. By explicitly calling out the possibility that 
not all recommendations are of the same accuracy, it 
is possible that the training planted a seed of doubt 
in these users' minds about all recommendations 
they have received or will receive from the system. 

Table 2 shows the perceived value of the dice 
icons for the different experimental groups. 
Training tended to increase value for all users. 
Overall, experienced users also felt that the 
confidence display had more value than the new 
users. We think this is because experienced users 
were able to relate the confidence metric to their 
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User Satisfaction 

Effectively Use 

a New Users, Control 
D New Users, Training 
a Exper. Users, Training 

Predictions Correct 

■ New Users, no Training 
E3 Exper. Users no Training 

percentages. New users who received training expressed 
more satisfaction with MovieLens than those who did not. 
Experienced users who received training, however, 
expressed less overall satisfaction. 

prior experiences with MovieLens. As one such 
user said, "I liked the dice a lot; some of the 

predictions have always seemed a bit weird to me, 
[and] the dice made sense of it." Another one said, 

"I like the dice, helps me know why a particular 
movie "'might* not be one I would like. So prefer to 
have that context when deciding what to see." 

The new user control group seemed more 
enthusiastic about a hypothetical confidence display 
than the experimental group was about the actual 
feature. 47% (versus 6%) of the control group 

thought the dice icons would "Always be Valuable" 
and 37% (versus 20%) claimed they would be much 
more likely to check other sources of information 

about risky movies than non-risky movies. 

New, New, Exper, Exper, 
no train train no train train 

Always 
0 6 18 26 

Valuable 

Never 
44 29 34 18 

Valuable 

Table 2: Perceived value of the confidence display, in 
percentages. Both new and experienced users who 
received training tended to judge the confidence display as 
more valuable than their untrained counterparts. 

It could just be that it's easier to believe that a 
feature is cool than to actually use it-the grass, as 
they say, is always greener. Or, it could be an 
indication that our specific metric or display 
decreased actual satisfaction below its potential. 

Users had strong opinions about the addition of 
the confidence display. Over 50% of users provided 

Task Based Results 
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Figure 7: Task-based survey results. Users avoided 
movies with low confidence when performing a risk 
avoidance task, and looked for low-confidence movies 
when performing a risk-seeking task. 

comments, varying from, "I really liked the dice 
feature. It gives some interesting information about 

the database being used" to "If anything, the dice 

icons were just annoying, and seemed somewhat 

pointless to me." Many had insights and 
suggestions for improvement. One user thought, "it 
would be very informative, I think, if we could 

select any film in the database and see how many 
people had rated it," while another user, "would like 
to have the option to eliminate 'diced' entries 
entirely in my viewing." 

5.2 Task-Based Study Results 
Confidence displays helped users distinguish and 

select movies for different tasks. As shown in 
Figure 7, users were more likely to avoid risky 
movies for the risk-averse scenario and more likely 

to seek them out for the risk-seeking scenario, 

compared with the risk-neutral scenario. They were 
also twice as likely to read extra information about a 
risky movie for the risk-neutral scenario, as 
compared with a non-risky movie. These results 
were consistent across both trained and untrained 
experienced users. 

In general, users felt they would enjoy the movie 
that they chose in the risk neutral scenario more than 

the movie they chose for the other two scenarios. 
This makes sense, since the users were satisfying 

other constraints besides their personal enjoyment of 
the movie in the other scenarios. However, users 
remained consistent across the three scenarios when 

stating whether they felt they made the best choice 
possible for the given situation. 

Since users were not told that the different 
scenarios equated to varying amounts of risk, the 

results are very encouraging about the ability of 
confidence displays to supplement predictions in 
helping users find items of interest, particularly for 
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user tasks where the riskiness of the movie is an 
important factor. 

Finally, the seeds of doubt carried over. As with 
overall satisfaction with MovieLens, experienced 
users who did not receive training were more 
satisfied with their movie choices than those who 
did. Untrained users thought they were more likely 
to have made the best choice possible for the 
situation (62% compared to 47%) and were happier 
with their selection (68% compared to 56%) than 
trained users. 

6 Discussion 

We summarize our primary results below: 
• Adding a confidence display to a recommender

system increases user satisfaction.
• Adding a confidence display to a recommender

system alters users' behavior. For user tasks
with varying amounts of risk, users were more
likely to seek out or avoid low confidence
recommendations as appropriate.

• New and experienced users do react differently
to the addition of a confidence display. New
users are not as likely to notice a confidence
display, but will make use of it if they notice it.
Experienced users all notice such a display, but
already had opinions of the system, which
affected their acceptance and use of the display.

• Training has a profound impact on user
satisfaction in a recommender system.
Providing training to new users increased user
satisfaction over just adding the confidence
display to the system. Providing training to
experienced users increased their usage of the
confidence system, but decreased their overall
satisfaction with the recommender.

Training and timing of the confidence display
both seem to have a substantial impact on user 
satisfaction and behavior. More importantly, their 
interaction causes the most profound impact. While 
the effect was noticeably positive for new users (as 
expected), the negative effect for experienced users 
deserves closer inspection. How could one page of 
training have that dramatic of an effect on the 
experienced users for happiness, effectiveness, and 
perceived correctness of predictions? 

Swearingen and Sinha [2002] suggest that in 
order to develop trust in a recommender system, the 
functionality of the underlying algorithm needs to be 
transparent to the user. Without this transparency, 
users are left to their own imaginations to determine 
how a system operates. Many of the experienced 
users have spent a lot of time in MovieLens, with a 

mean of 574 movies rated (median of 435 ratings). 
These users have already developed mental models 
of how recommendations are generated for them. 

By providing the confidence display, we 
explicitly pointed out that our collaborative filtering 
algorithms are not perfect. The users had no choice 
but to notice and accept this fact along with the 
confidence display and the transparency it offered, 
even if that clashed with their pre-existing models of 
the recommendation process. Further, the text we 
used for the training included the word "risky" twice 
and did not clearly explain that the dice icons simply 
represented movies with few ratings. Users who 
received the training may have had an emotional 
reaction to the notion of risk in the recommender 
system before understanding what the dice icons 
were meant to represent. 

People treat computer systems and applications 
as social creatures [Reeves 1996], and when people 
invest time and energy in a system, they build trust 
relationships. People might view a recommender 
system as a trusted "individual" with whom they 
interact when they submit ratings and receive 
personalized recommendations. The training we 
provided for the confidence display didn't attempt to 
convey the recommender's "personality"; rather, we 
intervened in the user's relationship as 
experimenters. Further, we came in proclaiming that 
the computer had been giving "risky" 
recommendations, perhaps undermining the user's 
confidence. (How would you feel if your accountant 
suddenly had a supervisor watching to help you flag 
examples of"risky" accounting?) 

In spite of all of this, Table 2 says the 
experienced users with training received the most 
value from the dice. These users may have had 
seeds of doubt planted in their worldviews, but they 
find real value in the confidence display. Perhaps a 
little doubt is justified when receiving low 
confidence recommendations. In our experiments, 
49% of the recommendations presented to 
experienced users were for risky movies, compared 
to only 28% for the new users. 1 Thus, it is possible 
that the training offers real value and more 
transparency into the system-at the expense of 
reduced user confidence. 

1 MovieLens does not show predictions for movies 
users have already rated. Experienced users had 
already rated many of the lower risk movies. 
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7 Conclusions and Future Work 

There is a tradeoff between having happy, but 
possibly nai've users who only extract part of the 
value from a recommender system and less happy 
but lucid users who are more successful at using the 
system. This tradeoff is a rich area to explore. 

As a user grows in the system, it might be 
worthwhile to change the system's notion of risk for 
that user. Experienced users have already rated 
many items MovieLens can confidently predict for 
them. Thus, future predictions are likely to be less 
confident ones. Most of these users are currently 
happy, however, and might even be looking for 
these riskier recommendations. One user said, "I 
understood and appreciated the function of the dice 
icons, but they did not change my behavior in 
actually selecting movies to see. ( ... ] A majority of 
the movies I really like are not rated [by many 
people)." 

The introduction of training in the user life cycle 
appears to be an important variable in users' overall 
satisfaction. As users interact with systems, they 
build mental models of how the system works and 
form an emotional bond with their software. Our 
results suggest that early training may lead to greater 
user happiness, since the users develop a more 
accurate model of the system. 

Our study involved ·an elementary confidence 
computation, and simple associated interface 
displays. Since users saw these as valuable, 
investigating richer confidence computations and 
more sophisticated displays is worthwhile. 

Adding a particular feature to an interface often 
seems an obviously good idea. As our study shows, 
the interaction between user experience, training, 
and the new features may be complex. In general, 
the problem of how to add features to an interface in 
a way that users can accept may turn out to be as 
difficult as deciding what to add-and is a problem 
that interface designers will often encounter as we 
strive to build interfaces which better serve users. 
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