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Abstract

A MachineLearning Approach to Web Personalization

by Corin R. Anderson

Co-Chairs of Supervisory Committee:

Professor Daniel S. Weld
Computer Science & Engineering

Assistant Professor Pedro Domingos
Computer Science & Engineering

Most web sites today aredesigned one-size-� ts-all: all visitors see theexact samepages regard-

less of interests, previous interactions, or, frequently, even browsing client (desktop PC or wireless

PDA). But one size often does not � t all. Instead of presenting the same content, the web experi-

ence should be dynamic and personalized, adapting to visitors' preferences as evinced in previous

interactions.

This thesis proposes a framework for personalizing the web experience. Within our PROTEUS

framework, weview personalization asa two-step process of � rst modeling users, and then improv-

ing thesitegiven themodel. Weframethisproblem asamachine learning task: thegoal is to predict

users' web navigation given their previous behavior. We explore several means of personalization,

including improving the wireless web and building personalized, dynamic portals, and concentrate

on one in particular—automatically adding shortcuts to likely navigation destinations.

A challenge in modeling web navigation is that training data for an entire site may be plentiful,

but sparse for any individual page. This dif� culty can be overcome, however, by noting that most

large web sites have a rich underlying relational structure that can be exploited for generalization:

pagescan belong to different types(e.g., pagesabout laptop computersversuspagesabout printers),

with each type described by a different set of attributes (e.g., size of display versus printing speed).





We leverage this structure by developing relational Markov models (RMMs), a novel extension

to Markov models. States in an RMM belong to relations and are described by variables over

hierarchically structured domains. Based on these hierarchies, the RMM de� nes sets of related

states, learns transition probabilities between these sets, and uses shrinkage to estimate transitions

between individual pages. This thesis presents RMMs in detail and provides results showing that

they outperform traditional Markov models for predicting web navigation by asubstantial margin.





TABLE OF CONTENTS

List of Figures iv

L ist of Tables vi

Chapter 1: Introduction 1

1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Our two-step approach to personalization . . . . . . . . . . . . . . . . . . . . . . 5

1.3 Summary of the thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.4 Contributions of this thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

1.5 Outline of this thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

Chapter 2: Web Personalization 12

2.1 Web personalization and adaptive hypermedia . . . . . . . . . . . . . . . . . . . . 12

2.2 Thespace of web personalization . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.3 A formal model of web personalization . . . . . . . . . . . . . . . . . . . . . . . 19

Chapter 3: Personalization as Search 23

3.1 State representation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

3.2 State evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

3.3 Search control . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.4 Search operators . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

Chapter 4: The PROTEUS Architecture 29

4.1 Search operators . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

4.2 Web site evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

4.3 Heuristic optimizations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

i



4.4 Performance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

4.5 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

4.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

Chapter 5: The M I NPATH Algor ithm 46

5.1 Finding shortcuts with M INPATH . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

5.2 Predictive models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

5.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

5.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

Chapter 6: Relational Markov Models 66

6.1 Background on probabilistic models . . . . . . . . . . . . . . . . . . . . . . . . . 66

6.2 Relational Markov models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

6.3 Using RMMsfor web navigation . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

6.4 Empirical evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

6.5 A brief survey of related probabilistic models . . . . . . . . . . . . . . . . . . . . 84

6.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

Chapter 7: The M ONTAGE System 88

7.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

7.2 Routine browsing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

7.3 The MONTAGE system . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

7.4 Implementation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

7.5 Experimental evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102

7.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

Chapter 8: Related Work 108

8.1 Adaptive hypermedia . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108

8.2 Personalized content and portals . . . . . . . . . . . . . . . . . . . . . . . . . . . 108

8.3 Improving mobile web content . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

ii



8.4 Predicting navigation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113

8.5 Adding conceptual knowledge to web pages . . . . . . . . . . . . . . . . . . . . . 117

Chapter 9: FutureDirections 118

9.1 The future of PROTEUS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 118

9.2 The future of M INPATH . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

9.3 The future of relational Markov models . . . . . . . . . . . . . . . . . . . . . . . 120

9.4 The future of MONTAGE . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121

9.5 New directions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 122

Chapter 10: Conclusions 125

10.1 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126

10.2 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127

Bibliography 129

Appendix A: PROTEUS User study questions 139

Appendix B: Relational Schemata for Evaluation Sites 141

B.1 www. gazel l e. com . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 141

B.2 www. cs. washi ngt on. edu . . . . . . . . . . . . . . . . . . . . . . . . . . . . 142

Appendix C: Web Log Mining 144

C.1 Theweb log . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 144

C.2 Identifying users . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 146

C.3 Gathering data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 147

C.4 Cleaning data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 149

C.5 Sessionizing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 150

C.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 151

iii



LIST OF FIGURES

1.1 Shortcut link to colloquia . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

2.1 Web personalization problem statement . . . . . . . . . . . . . . . . . . . . . . . 22

4.1 PROTEUS architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

4.2 Content blocks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

4.3 Elided content . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

4.4 Swap content . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

4.5 Shortcut links . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

4.6 Links followed . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

4.7 Scrolling actions required . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

4.8 Timerequired . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

5.1 Aggregating web usage at URL stems . . . . . . . . . . . . . . . . . . . . . . . . 53

5.2 Varying threshold of URL stem usage . . . . . . . . . . . . . . . . . . . . . . . . 57

5.3 M INPATH's performance (September 2000) . . . . . . . . . . . . . . . . . . . . . 58

5.4 Varying number of clusters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

5.5 Varying model assignment strategy . . . . . . . . . . . . . . . . . . . . . . . . . . 61

5.6 Varying length of positional models . . . . . . . . . . . . . . . . . . . . . . . . . 62

5.7 Comparing M INPATH and memory-based approach . . . . . . . . . . . . . . . . . 63

6.1 Propositional Markov model for an e-commerce site . . . . . . . . . . . . . . . . . 69

6.2 Corresponding relational Markov model . . . . . . . . . . . . . . . . . . . . . . . 69

6.3 Abstraction hierarchy of products . . . . . . . . . . . . . . . . . . . . . . . . . . 71

6.4 State abstractions for the relational Markov model . . . . . . . . . . . . . . . . . . 72

iv



6.5 A lattice of abstractions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

6.6 A PET predicting destination relation from ProductPage . . . . . . . . . . . . . . 78

6.7 KDDCup 2000 data (www. gazel l e. com) . . . . . . . . . . . . . . . . . . . . . 82

6.8 Winter 2002 data from UW course CSE 142 . . . . . . . . . . . . . . . . . . . . . 84

6.9 Probabilistic models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

7.1 Main montage . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

7.2 A topic-speci� c montage . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

7.3 A links-only montage . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

7.4 Cropping content . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

7.5 Customizing embedded content . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

C.1 Sample web log entries . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 145

v



LIST OF TABLES

2.1 Space of web personalization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

3.1 Search control . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

5.1 M INPATH algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

7.1 Study groups . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

7.2 Feedback scores . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

7.3 Results by variable . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

7.4 Results by study group . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

C.1 JavaScript web bug . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148

vi



ACKNOWLEDGMENTS

This thesis, nay, my pursuit of a Ph.D., would not have been possible without the support,

understanding, and encouragement of many of my friends and family. My advisors, both past and

present, have shown me what good research is, and helped steer me along that path. Thanks, Oren

Etzioni, for giving me my � rst start at AI research and a chance to improve the Web; and thanks,

Alon Halevy, for my � rst tasteof being co-advised and theopportunity to watch two mastersat their

art. Thanksto Pedro Domingosfor an endlesssupply of insight, inspiration, and explanation of even

themost dif� cult and thorny subjects. And, of course, thanks to Dan Weld, for advising methrough

many diverse topics, and whose advice, wit, and keen ability of observation I will remember long

after I graduate.

I've been fortunate to have become friends with many others along the road I've taken. Special

thanksto TessaLau and SteveWolfman, who always lent an ear and had thoughtful commentsabout

anything on my mind. Thanks also to the AI cadre: AnHai Doan, Julie Goldberg, Dave Hsu, Geoff

Hulten, Cody Kwok, Don Patterson, Matt Richardson, and Sarah Schwarm, and to the many others

whom I've had the pleasure of association: Zack Ives, Michael Noth, Rachel Pottinger, Ka Yee

Yeung, and Doug Zongker.

Last but certainly not least, I could not have � nished my degree without the love and support of

my family. I cannot express how lucky I am to be related to such a great bunch; thanks, so much,

to everyone. Thanks, Casey, for distracting me with Age of Empires and MarioKart when I needed

it, and for graduating from theUW with meagain. Thanks, Mom, for editing all my papers, and for

keeping me company on those too-early commutes. Thanks, Dad, for many late-night rides home

and for so many homemade sandwiches. I loveyou all.

vii





1

Chapter 1

INTRODUCTION

Information access has become a ubiquitous part of our daily lives. We consult the web for ev-

erything from local news, to technical references, to answers to speci� c questions, such as“Where's

the seminar I need to be at in 5 minutes?” Navigation is the art of accessing information on the

web—following links and browsing through content. Unfortunately, in today's web, this art is a

rather dissatisfying one. It is dissatisfying because, as we navigate, we are constantly bombarded

with content and links that are irrelevant to the task at hand. Traversing this sea of distractions is

frequently annoying and, at times, so frustrating that wegiveup on our information quest altogether.

Following in the spirit of Perkowitz and Etzioni's challenge to the AI community [80], we pro-

posebuilding adaptiveweb sitesthat personalize thewebexperiencefor each visitor. A personalized

web experience is one that has been customized to an individual visitor or group of visitors (as op-

posed to a transformation intended for the entire web audience). Through personalization, we can

improve the navigation on a web site by, for example, highlighting content and links of interest,

hiding those that are irrelevant, and even providing new links in thesite to theuser's likely web des-

tinations. We are particularly interested in automated approaches (as opposed to ones that demand

theuser's explicit input), and thus frame the problem asamachine learning one. Thegoal is to pre-

dict auser's actions on theWeb (or on asingle web site), based on observations of the current visit,

other users, and data describing the sites viewed. In this chapter, we further motivate this problem,

provide several scenarios in which personalization isbene� cial, and outline our general approach.

1.1 Motivation

Most web sites today are designed with a one-size-� ts-all philosophy: the site designer determines

the needs of the visitors and builds the content accordingly. However, one size frequently does not
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� t all. Visitorsmay use thesite in waysdifferent from thedesigner's expectations and for which the

site's presentation (pages) or navigational structure (links) are not well-suited. Visitors' browsers

may be unable to display the content as the designer intended, because of screen resolution or

bandwidth constraints (e.g., the visitor is browsing from a wireless PDA or cell phone). Even the

same visitor may have different interests on different occasions, perhaps based on content viewed

at another site (for instance, after viewing a news story about a merger between two companies, a

visitor may bemore interested in thestock quotes for those companies than for theusual portfolio).

Personalization can improve the web experience by adapting:

� Thepresentation of a singlepage, by rearranging regions of thepage to put themost impor-

tant material near the top (to increase its salience);

� The content on each page, by adding data that is highly relevant, or eliding data that is

irrelevant;

� The navigational structure of a site, by adding links between previously non-linked pages

that help lead visitors to their web destinations;

� Thenavigation between or aggregation of several sites, by building portal sitescombining

content and links from many frequently-visited sites.

Personalization can improve a wide range of web experiences, and we highlight three such

scenarios here.

1.1.1 Scenario 1: Information-seeking browsing

Suppose that every Tuesday a visitor, Craig, looks for the title and abstract of the day's colloquium

for the University of Washington Computer Science Department. Craig starts at the main entry

page (www. cs. washi ngt on. edu), follows the link to the “Events and Talks” page, follows the

link to the “Colloquia” page, scrolls through the list of colloquia for the current quarter, and � nally

follows the link for the current day's colloquium. To � nd this information again the next week, he

must follow these same steps—drilling down through several pages, scrolling content, and hunting
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Figure1.1: Shortcut link to colloquia. A personalized link to theColloquia page isadded because
it isa frequent destination.

for the right link. Each of these steps takes timeand is an opportunity for error, and completing the

entire sequence correctly each week isunnecessarily time-consuming.

In contrast, compare the same interaction on a personalized site. In the � rst week of the term,

Craig follows the same links as before. But by the following week, the site can immediately sug-

gest a link directly to the Colloquia page, because it has observed Craig's previous navigation (see

Figure 1.1). The link is even placed near the “Events and Talks” link, as that appears to be where

Craig starts his quest for this information. With this shortcut, instead of following three links and

scrolling extensively to reach his destination, Craig follows just two links, saving a great deal of

timeand effort.

1.1.2 Scenario 2: Wireless web browsing

Oneof the fastest growing communitiesof web users is that of mobilevisitors—people who browse

the Web with wireless PDAs, cell phones, and pagers. Nearly all cell phones sold today are “web-

ready” and authorities predict that the number of wireless Internet devices will outnumber desktop

computers in the near future [86]. Despite this trend, however, few web sites today cater to mobile

visitors, instead optimizing their content exclusively for desktop clients. Unfortunately, mobile de-

vicesarenot ascapableastheir desktop counterparts, being limited by small screens, low-bandwidth

networks and slower processors.
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In this second scenario, suppose Cathy is on a commuter train and wants to read a summary of

the day's Mariners baseball game. At her desk, she'd visit the team site (www. mar i ner s. or g)

with her PC browser, but, when commuting, she has only her wireless PDA. Cathy enters the URL

by hand in her PDA and reaches the � rst page. Her PDA'sbrowser does not support cascading style

sheets [64] or JavaScript [42], and few of the embedded images load immediately, so she has some

dif� culty orienting herself on thepage. Cathy scrolls through several screens to � nd the link for the

current game, and clicks to follow it. The PDA's network connection is only 19.2 Kbps, so nearly

30 seconds pass before the new page is downloaded. Unfortunately, even after the page is loaded

completely, Cathy cannot � nd the box score on the page, because it is buried among super� uous

content. She � nally gives up in frustration, deciding instead to wait until shegets home to catch the

gamehighlights.

Most of the dif� culty in this scenario is caused by the small screen size, slow network, and

limited capabilities of the PDA. Several companies [10, 89, 56, 37] propose to address these dif� -

culties by transcoding the original content into a simpler format for the PDA. Replacing complex

HTML with simpler code will improve the visual appearance of each page, but will not reduce how

much user interaction is needed to � nd the target content. A personalized mobile web experience,

however, could reduce these actions. The personalized site would observe a user both on the wire-

less device and the desktop computer to build a model of interests and navigation. When the user

requests a page from the wireless device, the personalizations would adapt to the cost model of the

device, for example, by displaying only text, and aggregating content from many pages into one

HTML document (because scrolling on aPDA is lesscostly than following a link). In thisscenario,

personalization is not simply about saving a link here and there—it is about bringing content and

visitors together before the visitor gives up in frustration.

1.1.3 Scenario 3: Personal web portal

This third scenario highlights how personalization can improve the everyday web experiences of a

typical software developer, whom we will call Casey. Casey might read a web-based newspaper as

soon as he gets to work, and then spend a few hours on software development, with intermittent

consultation of online programming documentation. Following a break at noon for lunch and to
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read comics on theWeb, Casey returns to programming, might takeamid-afternoon break to check

newsand afew morecomics, and � nally consult online transit information shortly before leaving at

5:30 P.M . Such stereotypical patterns of web access are common. However, despite the regularity

with which users view content, few mechanisms exist to assist with these routine tasks. Lists of

bookmarks must beauthored and maintained manually by users and arepresented in acumbersome

hierarchical menu. Links and content on manually personalized portals, such as MyMSN [70] or

MyYahoo! [95], are more easily navigable, but still must be chosen and managed by users in an

explicit manner.

Given an automatically personalized portal, Casey would direct his web browsing through the

portal's proxy, allowing it to record and model his online behavior. Whenever Casey opened a

browser window or returned to the “Home” page, the portal would display apersonalized, dynamic

page, including linksand content of likely interest to him. Moreover, thisportal could depend on the

context of the browsing session, including the time of day, the topic of recent browsing, the other

applications currently running on Casey's computer, etc. This personalized portal does not adapt

each individual page requested, but provides aview of the information Casey is likely to seek in the

current browsing session. Thepersonalized portal would saveCasey effort in � nding the content he

wants, when hewants it.

1.2 Our two-step approach to personalization

We view personalization as a two-step process. In the � rst step, a web personalization system

(or personalizer) builds a model of the user, including aspects that model the user's interest in

content and navigation behavior. In the second step, the personalizer adapts the web experience,

transforming content or navigation to maximize thevalueof thesitegiven theuser model. Next, we

describe these steps in moredetail.

1.2.1 User modeling

Theprimary goal of user modeling is to enable prediction of auser's actions on apersonalized web

site, and thus to determine which adaptations are useful for the visitor. There is a rich literature

describing user modeling in general and the interaction between it and adaptation in speci� c (see,
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for example, the overview of user modeling systems by Kobsa [60]). In our work, we model two

aspects of a user: interest in content and navigation behavior. Our model of a user's interest in

content relates to the textual content on each page—the words displayed. We model this aspect

using a traditional information retrieval approach to measure similarity between the set of words of

interest to aspeci� c individual and the set of words appearing in adocument. A user's navigational

behavior ismodeled asaMarkov chain (i.e., the user isan agent transiting probabilisticly through a

state-based world), conditioning on recent navigation history.

1.2.2 Adapting content

To generateapersonalized web experience for avisitor, weuseheuristic search through thespaceof

sites1. Thisapproach is isvery similar to that presented by Perkowitz [79], although our modelsof a

siteand avisitor aremoresophisticated; wepresent them in Section 2. Wearealso moreconcerned

with personalizing content for an individual visitor, as opposed to making adaptations generally

useful for asite's entire web audience, although our approach is relevant to both targets.

Each state in thesearch space conceptually describes aweb site—the navigational structure, the

content on each page, and how each page is graphically presented. The representation of the site

may rely on the HTML of the pages directly, or, for sites built atop databases, the representation

may use the queries and HTML templates de� ning the content. The search operators personalize

various elements of the site, as suggested in Section 1.1. The value of each state (i.e., personalized

site) is the expected utility the visitor receives by browsing that site. Intuitively, expected utility is

the sum of the utilities of each page on the site, discounted by the dif� culty in navigating to each

page. The expected utility depends on the model of the visitor. The search for the personalized site

continues until an optimal site is found, or until computational resources are exhausted.

1.3 Summary of the thesis

Theprimary questions weaddress in this thesis are:

1We use the term ªsiteº to mean either a traditional web site or a portal site, the latter of which may loosely combine
content from many, disparate web sites. While the content of such portal sites transcends a single web server, it still
consists of pages and links, and referring to it as a site simpli®esour discussion
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� How can automated personalization improve theweb experience?

� How can automated personalization scale to adapt content for each visitor at each page im-

pression?

PROTEUS. Our � rst implemented personalizer, PROTEUS, aims to address the � rst question.

The PROTEUS personalizer embodies our PROTEUS architecture for web personalization, which we

describe further in Chapter 3. The PROTEUS system personalizes web browsing for visitors using

wirelessPDAs(such asPalm VIIs) at many web sites, adapting each site in turn. Thesystem models

users by their textual content interests and the sequence of navigation actions they perform, empha-

sizing the content interests and attempting to capture intra-page navigation (i.e., scrolling). The

PROTEUS implementation uses a heuristic search algorithm, hill-climbing in the space of person-

alized sites, and supports three search operators: elide content from a page, reorder elements on a

page, and add ashortcut link to apage. Eliding content and reordering elements on apage improve

the presentation of an individual page, while adding shortcut links improves the navigation through

thesite.

We ran a small user study of PROTEUS and found that personalization did improve web brows-

ing, but we also found three weaknesses. First, adaptations made to the site that the user does not

expect can be disorienting and not bene� cial. For example, eliding large blocks of uninteresting

content may seem useful (if the content is uninteresting, the user will not want to see it), but may

also inadvertently remove visual landmarks that the user relied on for navigation. Second, nä�ve

search through the space of personalized sites is computationally expensive, too expensive for ac-

ceptable server-side run-time performance. Third, although wecollected a great deal of data, about

many pagesand many visitors, much of it wasunused by PROTEUS in personalizing thesitebecause

the system considered improvements for each visitor in isolation of other users. Consequently, the

learned user models were frequently unreliable, despite our having “more” data.

M I NPATH. To address these weaknesses, we focused our efforts on a single personalization,

adding shortcut links, and developed the M INPATH algorithm, which � nds personalized shortcut

links ef� ciently. Adding shortcut links to a page is frequently useful for visitors, helping them

reach their destinations more quickly, and rarely decreases the usability of a page. Our work with
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M INPATH seeks to answer the second primary question in the thesis: how can personalization be

madeef� cient?

The M INPATH user model simpli� es the content interest—in fact, it assumes all pages have the

same intrinsic value—but treats navigation with more precision. In addition, M INPATH employs

model-based clustering to group similarly-behaving visitors together (following the technique used

in WebCANVAS[24]) and build models for these groups based on a larger volume of training data

(i.e., based on the training data from all the cluster's members).

M INPATH adds shortcuts to each requested page � by computing the expected savings that a

shortcut from � would offer, as the product of the navigation effort the link would save and the

probability the user wants to reach the shortcut destination. Intuitively, M INPATH examines every

possible shortcut from � in a site and selects the � shortcuts with the greatest expected savings. Of

course, M INPATH does not actually consider every possible shortcut, but instead uses a bounded

graph traversal in the web site, starting at � , computing the expected savings for all pages visited.

In traversing the web site, M INPATH is effectively emulating the actions of visitors, following the

probabilistic model learned for thevisitor's cluster. The traversal can bevery fast, depending on the

bound selected, and thusM INPATH can suggest shortcut links in afraction of asecond. Experiments

with M INPATH found that it can identify shortcuts that would save visitors up to 40% of their

navigation effort.

Relational Markov models. Although M INPATH avoidsmost of theweaknessesof PROTEUS, a

problem persists: how to predict behavior on seldom- or never-before-visited pages. In moving from

PROTEUS to M INPATH, we train user models with data from more individuals. Thus, if aparticular

visitor has not viewed a page before, but another (or many) other visitors in the same cluster have,

then M INPATH can make a reliable prediction about navigation. But a more frequent case is one

wherefew if any visitors in thesamecluster will haveviewed apagebefore. New pagesareadded to

sites constantly, e-commerce and other sites produce potentially an unlimited number of new pages

from database queries, and the Zipf-like distribution [51] of web page visitation all point toward

a highly skewed distribution of training data—data is plentiful about some pages but very sparse

about most others. As a solution to this problem, we extend Markov models to take advantage of

relational structure, thus producing relational Markov models (RMMs). Relational Markov models

allow states in the model (pages in a site) to belong to a relation and be described by a number of
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parameters, each parameter value being drawn from a hierarchically structured domain. Web sites

frequently haveagreat deal of relational structurealready available, in theform of adatabaseschema

or human-authored site schema describing the content. For example, an e-commerce site's pages

naturally are divided into: main entry page, product description pages, pages describing groups of

products (e.g., by manufacturer), shopping cart pages, etc. The hierarchy of values of parameters

affords a means of generating a hierarchy of states, and we use this state hierarchy to perform

generalization from speci� c states to higher abstractions of states. For example, we can compute

the probability of transiting from a speci� c music CD page to a page about the artist (e.g., a page

selling “Stunt” to a page about the Barenaked Ladies) by estimating that probability directly (with

perhaps sparse data) and shrinking it toward the probability of amore general action (following the

link to the artist page from any music CD page).

In preliminary experiments incorporating relational Markov models into M INPATH, we found

that M INPATH can save users 50% to 80% more links than when using traditional Markov models.

Further, M INPATH isableto suggest useful shortcut linkson pagesthat neither thevisitor nor anyone

else has ever viewed before.

M ONTAGE. Our � nal system for web personalization returns to the problem of improving the

web experience as a whole, re-addressing our � rst thesis question (how automatic personalization

can be made useful). In the MONTAGE system, we automatically generate personalized, dynamic

portals of web content, based on the navigation behavior of each individual visitor. The target

audience for MONTAGE is desktop users (as opposed to wireless PDA users for PROTEUS), and

MONTAGE produces an aggregation of content—a montage—in the form of either a text- and links-

only display or agraphically-rich amalgam of content and links. Also unlike PROTEUS, MONTAGE

provides a personalized view of content from many sites, all at once, instead of only one site at a

time.

MONTAGE uses the individual-user model introduced by PROTEUS, but records the context of

each web request: the time and date of the request, the topic of recent browsing, perhaps the other

applications the user has been using lately, etc. A web user views a montage as the starting page in

thebrowser, or whenever thebrowser returns “home.” Each timetheuser viewsthemontage, MON-

TAGE captures the user's current context and computes the conditional probability of the user's

interests and navigation given the context. Unlike PROTEUS and M INPATH, which have the user's
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currently- and recently-requested pages asconditions for theuser model, MONTAGE must rely only

on thegeneral context of browsing (becausearequest for amontageisthe� rst request in amulti-site

browsing session). In a � elded user study of the system, participants reacted favorably to person-

alizing content based on their past interactions and their current browsing context, and suggested a

number of improvements to the usability of such asystem.

1.4 Contr ibutions of this thesis

This thesis makes the following contributions:

1. Precise statement of web personalization problem. We outline the space of web personal-

ization systems and precisely state what web personalization means. Our statement extends

and generalizes Perkowitz's statement of the adaptive web site problem [79, 80, 82].

2. Framework for personalization assearch. Wefollow asimilar approach to Perkowitz [79],

but contribute:

� A richer model of aweb site; and

� A principled model of web site utility for a visitor, based on value of content and prob-

abilistic navigation.

3. Ef� cient approach to � ndingshortcut links(theM I NPATH algor ithm). Using asimpli� ed

but precise user model, we � nd high-quality shortcut links ef� ciently. We evaluate many

probabilistic models for web navigation, including � rst and second order Markov models,

clusters of models, and several hybrid models.

4. Development of relational Markov models. We provide a formal de� nition of what rela-

tional Markov modelsare, describewhere they areapplicable, and relate them to other proba-

bilistic models. Weshow in experiments that relational Markov modelsoutperform traditional

Markov models for predicting web navigation.
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5. Evaluation of several systems (PROTEUS, M I NPATH, and M ONTAGE). We build and

evaluate threesystems for personalizing web interactions, and conduct user studies for two of

them.

1.5 Outlineof this thesis

In Chapters 2 and 3, we re� ne the web personalization problem and detail our general approach.

Chapter 4 presents PROTEUS, our personalizer that improves web browsing from wireless PDAs.

Wedescribeour M INPATH algorithm for � nding shortcut links in Chapter 5. Chapter 6 developsour

work on relational Markov models and uses RMMsin an experiment with M INPATH. In Chapter 7,

wepresent our work on the MONTAGE personalized web portal system, including a user study. We

conclude the thesis with adiscussion of related and future work in Chapters 8 and 9 and summarize

in Chapter 10. AppendixesA and B provideadditional detail about our experimentsand Appendix C

describes many current web log mining techniques, including those weused in our work.
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Chapter 2

WEB PERSONAL IZATION

In this chapter we discuss the web personalization problem. We begin with a brief comparison

of web personalization and adaptive hypermedia, and then describe the range of possibilities for

personalizing the web experience—the “space of personalizations.” Wepresent formal models of a

web site and of web navigation, and formally state the web personalization problem.

2.1 Web personalization and adaptive hypermedia

Adaptive hypermedia can be viewed as a generalization of adaptive or personalized web systems.

The � eld of adaptive hypermedia has been researched since long before the advent of the Web,

although it received a considerable in� ux of attention shortly thereafter. The goals of adaptive

hypermedia are the same as those of adaptive and personalized web work: to “build a model of the

goals, preferences, and knowledge of each user, and use this model throughout the interaction with

the user, in order to adapt to the needs of that user” [19]. The particular techniques employed by

adaptive hypermedia systems span a wide range, although they typically focus more on rule-based

approaches (i.e., the system automatically builds auser model, but ahuman designer speci� es what

action should be taken given the model). Brusilovsky has written several excellent surveys of the

adaptivehypermedia � eld [16, 19], and wecompareour approach to speci� c systems in Section 8.1.

2.2 Thespaceof web personalization

Just how “personalized” aweb experience isdepends on many variables: whether it ispersonalized

for a single user or for large groups of users; whether entire pages are adapted or only navigation

between them changes; etc. Traditional web sites, delivering the same content to every visitor, oc-

cupy one point in this many-dimensional space. More modern approaches, such as customizable

portal sites or sites offering visitors recommendations based on past browsing, � ll other voids. We
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describe thedimensionsof thisspace, and placethesegenresof web experience in thisspace, below.

2.2.1 Scope of target audience

The target audience of a personalized experience is the group of visitors who will see the exact

samecontent aseach other. Traditional web sitesdeliver thesamecontent regardless of thevisitor's

identity—their target is the whole population of the Web. Personal portal sites, such as MyYa-

hoo! [95] and MyMSN [70], allow users to build a personalized view of their content—the target

here is the individual visitor. A middle ground between these extremes places visitors into one of

a small number of archetypal groups (e.g., a university may have different site views for current

students, prospective students, and faculty).

Adapting content for the entire Web audience en masse has the advantage that the agent can

spend more resources producing a high-quality personalization—the expenditure is amortized over

a large audience. In comparison, personalizing for each visitor requires ef� cient (and consequently

less sophisticated) algorithms, as the agent must adapt the content frequently. Perkowitz and Et-

zioni [82] refer to adaptation targeting a large audience (e.g., the whole Web audience) as a trans-

formation, and adaptation for individual visitors ascustomization.

2.2.2 Scope of personalization

We view the web experience as a hierarchical composition of many sub-experiences: a browsing

session visiting many sites; many site-sessions at individual web sites; and individual page views

within each site-session1. Each level of this hierarchy can be personalized and the nature of the

adaptations depends on the level of decomposition.

A singlepageview canbepersonalized by altering how thecontent isdisplayed, or by suggesting

navigation links to likely destinations. A site-session allows an agent to predict the set of pages the

visitor will view and improve the navigation between them. Given many site-sessions over aperiod

of time, theagent can also predict thecontent interests for each visit and both show more interesting

content and avoid displaying redundant content over time. Finally, a personalizer adapting entire

1We refer to both site-session and browsing session simply as a session when itsuse is clear from context.
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browsing sessions across many sites can leverage the commonalities between sites, aggregating

similar content and providing navigation between sites (effectively creating personalized portals).

2.2.3 Location of user modeling

Collecting information for the user model can happen at one or many locations. At the browsing

client, the agent can collect detailed information about the complete interaction between user and

web content: the pages viewed, how long each page is viewed (often called the “dwell time”), the

navigation between pages, thenavigation on asinglepage(e.g., scrolling through apage), whether a

user recordsabookmark for thepage, etc. Unfortunately, at thebrowsing client, thepersonalizer has

access to only the current user's model, and not the models of other users. Web users are reluctant

to share with others such detailed information about their own browsing, so the personalizer must

base its adaptations on only the current-user model.

At theoppositeend of thespectrum from theclient, an individual web server can collect statistics

about accesses to all of its pages by all the users on the Web. The server knows exactly when each

pagewasrequested, and everyonewho viewed it. However, theserver cannot observe thesevisitors'

behavior at other sites, nor can it observe how the visitors actually interacted with each page of

content (i.e., how much they scrolled through it, if it was displayed in the browser window for

long, etc.)2. In addition, information collected by the server may be obscured by third-party agents

acting on behalf of oneor morevisitors (e.g., aweb proxy cache [51] effectively masksmany users'

accesses to aweb page as asingle access).

In between these extremes, an intermediate proxy can observe many users' behaviors browsing

many web sites, with the same detail as the web server. That is, an intermediate proxy will know

that its many users all view the same set of web pages, but will not know, for instance, how much

theusershavescrolled through thepages, or for how much timethecontent held theattention of the

user. A model built by aproxy trades off thecompleteness of themodel—knowing all thebrowsing

for an entire population—with the detail of the model—knowing the minutiae of the interaction

(scrolling, dwell times, etc.).

2Therearesomeªtricksof thetradeº that allow aweb server to garner moredetailed information about how itscontent
is used by visitors; see Appendix C for more details.
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2.2.4 Location of personalizer

Likewise, thepersonalizer itself may operateat anumber of different locations. Three locationsnat-

urally arise—at the client, at the server, and at an intermediate proxy—with implications for what

personalizations are possible with each choice. At the client or an intermediate proxy, personaliza-

tion over any scopeof time ispossible, from individual page to many sessions acrossmany sites. At

a web server, personalization may occur only for each individual site—spanning sites is not possi-

ble. There also is a corresponding trade-off in location of personalization and the data available for

modeling users, asdiscussed earlier (i.e., aclient-sidepersonalizer usually cannot accessserver-side

user models).

2.2.5 Visitor's goal of web interaction

To improve the web experience, we must have some idea of what motivates each visitor to interact

with a web site or web page. On one extreme is idle browsing—”sur� ng.” The visitor is simply

viewing content that satis� es his or her interests, be they short- or long-term. For this motivation,

personalizing the site by adding content that generally interests the visitor would be useful. The

time the user spends viewing pages is not as important, so minimizing navigation time is only a

secondary concern. Of course, helping the user in � nding interesting content isuseful.

On the other extreme are users seeking a particular bit of information, such as the location

of a class at a university or the cost of an airline ticket on a travel site. We call this behavior

goal-directed browsing, and each session of such browsing an “ information sortie.” 3 Information

sorties are frequent in mobile web browsing (from wireless PDAs or cell phones). The visitor's

behavior is single-minded and not interested in diversions, even for other pages that match long-

term interests. Appropriate personalizations for information sorties would reduce visual clutter by

eliding uninteresting content, and directly link to the information sought, by predicting the user's

current goal. Scenario Two (Chapter 1) gave an example information sortie for the box score of a

baseball game(and the consequences of not personalizing the experience).

3Thanks to Adam Carlson for suggesting this term.
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2.2.6 Model of web site

A dimension of more practical concern is how the web site is conceptually modeled by the person-

alizer. A common representation is as the directed graph of web pages and hypertext links often

called a site graph or web graph. A weakness of the site graph is that presentation of content on

pages and the conceptual relation between elements of content is con� ated—both are represented

as the same HTML. Instead, we can represent the site's data selection, navigation, and presentation

separately, assuggested by systems such as STRUDEL [40] or TIRAMISU [7]. With thisdecomposi-

tion, wecan personalize each aspect of thesite independently; for example, by adapting the queries

that select what data to display, or by changing a single generic HTML template that consequently

adapts many pages in the same, consistent manner. This representation of the content selection and

navigation iscalled the site schema.

Another model, related to the site graph, augments the nodes in the model with the relational

structure that they share. For example, many pages at an e-commerce site are product description

pages and are described by the same set of attributes (product name, manufacturer, etc.); still other

pages are the main entry page, shopping cart pages, and indexes of products (by manufacturer,

by product type, etc.). This relational information allows the personalizer to make generalizations

about how the site is used, and to apply adaptations observed for speci� c pages (e.g., a particular

product page) to other, related pages (other product pages).

2.2.7 Personalization agent

Although we have referred to a personalization agent in this section, the act of personalization can

beperformed by ahuman webmaster, ahuman web user, an automated process, or any combination

thereof. A human webmaster likely has themost accurate conception of thecontent available, but is

expert in only onesite. Also, thehuman webmaster isabottleneck for performance—the webmaster

cannot personalize more than a few score pages per day.

The human visitor, on the other hand, has the most accurate conception of his or her interests,

both at asingle site and across many sites. Theuser isbest positioned to adapt content to maximize

its value, but is likely not an expert in the content at any site. Moreover, users tend to be loath to

expend any effort to customize their own views of the Web, even if it could directly bene� t them
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(e.g., in asurvey weconducted for our MONTAGE work [6], three-quarters of respondents organized

their bookmarks less than once per month).

The automated personalization approach removes the burden of adaptation from both the web-

master and the visitor. The automated approach can adapt content per visitor, per page impression,

and can leverage models of many visitors and many sources of content. Unfortunately, the auto-

mated approach is only as accurate as the models it can learn, and the inference of visitors' true

interests from their observed behavior is necessarily imperfect. A mixed initiative approach would

perhaps be the best of all worlds: personalizations would be generated automatically, with the user

or web designer optionally providing guidance to clarify preferences or incorrectly modeled details.

2.2.8 Summary

Table 2.1 summarizes the dimensions of web personalization. Traditional web sites, that offer a

static view of content for all visitors, occupy onepoint in thisspace: thetarget audience is thewhole

web, the scope is many site-sessions, “personalization” happens at the server side, and changes are

made by the human web designer. Sites such as MyYahoo! target individual visitors, over the

course, of many site-sessions, offering server side personalization, but must be maintained by the

web visitor.

This thesis explores two particular points that are somewhat distant from traditional web sites.

Onepoint is aclient-based automated personalizer, for which wedeveloped and experimented with

PROTEUS and MONTAGE4. PROTEUS adapts content for goal-directed site-sessions and MONTAGE

improves information browsing across browsing-sessions. Both use the site graph model and target

individual users.

The other point is a server-side personalizer, for which we designed the M INPATH algorithm

and developed relational Markov models. The server-side implementation allows the personalizer

to takeadvantage of thegreater amountsof dataavailable there—describing usersand thesite itself.

Thepurposeof M INPATH is to improvegoal-directed browsing for individuals and groupsof related

users, and weexperiment with representing thesiteasasitegraph and asasitegraph with relational

4Thesepersonalizersareactually implemented asproxies for convenience, but takeno advantageof other-user models
when adapting content.
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Table 2.1: Spaceof web personalization.

Dimension Range of values
Scope of target audience Whole Web

Group of related users
Individual user

Scope (in time) of personalization Web session
Many site-sessions
Single site-session
Single page view

Location of user modeling Client
Intermediate proxy
Server

Location of personalizer Client
Intermediate proxy
Server

Visitor's goal of web interaction Browsing for long-term interests
Browsing for short-term interests
Goal-directed browsing (“ information sortie”)

Model of web site Directed graph of pages and links (site graph)
Separate data selection, navigation, and content

presentation (site schema)
Directed graph of pages and links, and relational structure

of pages
Personalization agent Human webmaster

Human web visitor
Automated
Mixed-initiative

information.

Other points in this space have been explored either as deployed applications or in the research

community. Personalized portal sites, such as MyYahoo! [95] or MyMSN [70], are user-driven

(each visitor must build his or her own personalized portal) and limit the adaptations to a set of

webmaster-de� ned modi� cations. Perkowitz and Etzioni'sadaptiveweb sites [82] usean automated

approach that transforms individual web sites (i.e., personalization and modeling occur at the site)

for the entire Web audience. Their adaptive web sites anticipate users have short-term interests in

a particular genre of pages, and thus they build “ index pages”—pages of links to pages relating to
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a common concept. Web agents such as Letizia [65] or WebWatcher [57] personalize pages for

individual visitors by adopting a site graph model and augmenting the page representation with

additional features, such as text keywords. User modeling and personalization happens either at the

client site (Letizia) or the server site (WebWatcher). Wereview awider selection of related work in

moredetail in Chapter 8.

2.3 A formal model of web personalization

In thissection wepresent aprecisestatement of theweb personalization problem. Aswementioned

earlier, personalizing a web site is very similar to building an adaptive web site [82] or an adaptive

hyperspace [17], but speci� cally targets the Web and adapts to individual users or classes of users;

wehighlight other differences in our discussion. Webegin by de� ning several terms.

2.3.1 De� nitions

We model a web site as a directed graph whose nodes are pages and whose directed arcs are hy-

pertext links. More precisely, a web site � is a triple ����������	�
 , where � is a set of pages, � is

a set of hyperlinks, and 	 is a set of partitions of the pages in � . A page �
��� is a hierarchical

aggregation of content that appears in a web browser given a particular URL (Uniform Resource

Locator). The hierarchy of web content is meant to capture the visual aggregation of content on

the display. For example, a page is often composed of a navigation bar along the top or left side,

and aprimary content region in thecenter; theprimary content region may bedivided by horizontal

lines to createsmaller regionsof content; etc. In practice, thishierarchy typically follows the treeof

HTML tags in the source of the page. Page � is thus represented as the root of this hierarchy, and is

acontent node. A content node � is apair ��������
 where � isa sequence of children �������������������! of

� , and � isabehavior that � impartson itschildren. Theelementsof � may beplain text, embedded

objects (such as images), or (recursively) content nodes. The behavior � is the action that affects

thehuman-viewable content. For example, if � werea“ " st r ong # ” node, then � would render its

children in boldface; or if � were an “ " a # ” node, then � would render its children as a hypertext

link.

A link $%�&� is a triple � �('�� �*)+��,-
 where �.' is the source page (i.e., the page on which the link
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appears), � ) is the destination page5, and , is the anchor text. When the anchor text is unimportant

or clear from context, wemay abbreviate $

�

� � '�� � )+��, 
 as �.'

�

� ) .

A partition
�

� 	 expresses some set of relations about the pages in � . For example, a

partition may express the directory relation by segregating pages by their “ top-level” directory

(e.g., / homes/ cor i n/ r esear ch/ and / homes/ wel d/ i ndex. ht ml would be in the group

/ homes and / educat i on/ cour se- webs. ht ml would be in the group / educat i on). Al-

ternatively, a partition may express the conceptual type of each page (e.g., personal home pages

versus course web pages versus research group pages).
�

may also be hierarchical: for example,

a hierarchical organization of the pages according to several levels of directories. Many such rela-

tional structures may be relevant to � , so 	 is often aset with many elements.

A visitor isany agent that requestspages from aweb site. Weareparticularly interested in mod-

eling human visitors, although wenotethat asubstantial fraction of web requests ismadeby robots6

(for example, during February 2002, asmuchas20% of therequeststowww. cs. washi ngt on. edu

weremade by robots). A visitor � is represented as a pair ��� ����
 whose elements are, respectively,

the visitor's history of page requests and the visitor's demographics. A single request 	�
 is a tuple

� � '�� �*)+�
�(
 containing the source page �('

7, destination page �.) , and context � of the request. The

context embodies the time of the request, the device used to make the request, the topic of recent

browsing, etc. When clear in our discussion, wewill use simply 	�� to refer to the page �.) requested

in 	�� . The demographics � is an � -tuple of values that embody all the available information about

thevisitor external to theweb experience: thevisitor'sage, gender, city of residence, annual income

bracket, etc.

By themselves, requests in � are little more than a morass of low-level system activity traces,

but they can be re� ned into structure more useful for personalization. In particular, see Appendix C

for common practices in cleaning and processing these logs. The end result of this process is a set

of sessions or trails. A session issequence of page requests madeby asinglevisitor that iscoherent

in time. That is, each subsequent request is made within some � xed time window of the previous

5��� may also be the distinguished page external which represents any page outside the current web site.

6A robot isasoftwareagent that requestsweb pagesautomatically. Most common areweb spiders that crawl theWeb
collecting pages for indexes such as Google [53].

7The source ��� may also be the distinguished page external, which represents any page outside the current web site.
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request. A trail is a session that is also coherent in space: there exists some link between each pair

of subsequent pages. Moreprecisely, if wedenote thetimeof request 	�� astime( 	 � ), then asequence
�

�

� 	��+��	!������������	��- isasession if and only if:

���

�	��


�

" � � time ��	 ��
�
 time ��	 �
� ��
�
 time ��	���
�� timeout

and
�

is a trail if and only if
�

isasession and

���

�	��


�

" � ��	��

�

	 �
� � exists

The length of a session or trail is � , the number of links followed. From the perspective of

the personalizer watching a visitor's behavior midway through a session or trail, only a pre� x,

� 	�� ������� ��	��� hasbeen observed. Thesession or trail suf� x, � 	���� ������������	��  , can only behypothesized.

In summary wehave:

�

�

��� ��� ��	 
 A web site is adirected graph of pages and links with

structure describing the pages

$

�

� �.'�� �*)+��,-
 A link has asource, destination, and anchor

� �

�

�
� A page is its root content node

� �

�

�����
� �������������
�

�! ��� 
 A content node isasequence of children and node

behavior; or

� �

� text A content node isplain text; or

�
�

� object A content node isan embedded object
�

�

��� ����
 A visitor is ahistory of requests and set of demographics

�

�

� 	��+����������	��  A history of requests is asequence

	��

�

� �.'�� �*)+�
�(
 A request has an originating page � ' , destination page �.) ,

and context �

2.3.2 Evaluation

To � nd the best personalized site, we require an evaluation function � ��� � � �
� ���-
��

��� that mea-

sures the quality of a personalized site � for a particular visitor � and requested page � given the
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Given:
A web site �

�

��� ��� ��	�
 ,
A set of visitors

�

���

� �+��������������� ,
A distinguished visitor ���

�

��� ����
 �

�

,
An entry page � � � ,
An evaluation function � ��� � � ���-
 ;

Output:
A web site ���

�

���

�

���

�

��	

�


 that maximizes � ����� � � ���-
 .

Figure 2.1: Web personalization problem statement.

current browsing context � . Thequality of asite isacomplex function of many things: thevisitor's

desire to � nd relevant information quickly; the cognitive cost imposed on the visitor by presenting

a view of the site that is potentially different from the visitor's expectation; the site administrator's

desire to deliver content ef� ciently; the content owner's desire to sell products or in� uence the vis-

itor; etc. In our work, we concentrate on only a subset of these aspects, namely, the value of the

site from the point of view of the visitor. In particular, we will not directly model the cognitive

load required when viewing apage, but instead will encode the trade-off between predictability and

improvements to the interface in the bias of our algorithms.

2.3.3 Problem statement

Wecan now state precisely theweb personalization problem; the de� nition appears in Figure 2.1.

We call an agent that generates a personalized web site a web site personalizer. A web site

personalizer may run on theserver itself, on thevisitor'sbrowsing client, or at an intermediateproxy.

Note that the web personalization problem differs from the adaptive web site problem de� ned by

Perkowitz and Etzioni [82] by optimizing thecontent for adistinguished visitor � � , based on context

� and using a richer model of web site and evaluation. In the remainder of this dissertation we will

explore several forms of web site personalization in detail. The next chapter presents our general

approach, followed by chapters discussing our implemented systems.
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Chapter 3

PERSONAL IZATION AS SEARCH

In this chapter, we present our PROTEUS framework for personalizing web sites. We frame the

task as a search problem, similar to that proposed by Perkowitz and Etzioni [79, 82]. Within this

framework, a personalizer follows the two-step approach outlined in Section 1.2, separating user

modeling and adaptation. In essence, our web site personalizer performs asearch through thespace

of possible web sites. The initial state is the original web site of unadapted pages. The state is

transformed by any of a number of adaptation functions, that can create pages, remove pages, add

links between pages, etc. The value of the current state (i.e., the value of the web site) is measured

as the expected utility of the site for the current visitor and browsing context. The search continues

either until no better state can be found, or until computational resources (e.g., time) are exhausted.

3.1 State representation

Each state in our search space � is an entire web site, � ; thus, �

� �

� �+� ��� ������� � . Although an

actual implemented system (such as ours, as we discuss later) may choose to adapt only a single

page at a time, wemodel the entire web site to allow adaptations to be madeanywhere in thesite.

3.2 State evaluation

Weestimate thequality of thepersonalized web siteas theexpected utility of thesite from thepoint

of view of the requested page: � ��� � � �
� ���-


���������
	 �

� �(

� . Intuitively, the expected utility is the

sum of the utility the visitor receives by browsing each page in the site, discounted by the dif� culty

of reaching each page. For example, following a link at the top of the current page may not be

dif� cult, but reaching a page many links away will require scrolling (to � nd the links) and waiting

for intermediate pages to download, which can beparticularly lengthy over awirelessnetwork. The

graph nature of a web site naturally suggests a recursive traversal to evaluate the site, starting from
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the current page. At each step in the traversal (i.e., at each page in the site), we de� ne the utility

of the page as the sum of its intrinsic utility—the utility of the page, in isolation—and the extrinsic

utility—the utility of the linked pages1. Wemake these concepts more precise below.

3.2.1 Web site model for evaluation

We transform the search state model slightly to make evaluation easier. We observe that, while

adaptation requiresdetailed internal structure of each web page, an evaluation function that isbased

on a human visitor's view should not be exposed to this internal structure, but should see only a

linear sequence of text and links. Thus, instead of using the tree-based model, we use only the

leaves of the tree in their left-to-right order.

The leaves of a page � � and their ordering impose a linearization of the content, which we

subsequently decompose into a sequence of “screens” ���
�
�

�����������
� �

 , each of which represents the

web content that can beseen in onewindow of thevisitor'sbrowser. A singlescreen �
� 
 iscomposed

of web content (i.e., the text and graphics that are displayed), which we denote as
�

� 
 , and a set of

links $ � 
�������������$
� 


� that appear on the screen. In summary:

� �

�

��� �
� ������������� �� A page isasequence of screens

� � 


�

�

�

� 
!�

�

$ � 
�������������$
� 


� � 
 Each screen contains web content and links

3.2.2 Expected utility

Because our goal is to maximize expected utility, we must be able to calculate the expectation

that the visitor will view any given piece of content in the site. To this end, we explicitly model

the visitor's navigation through the site. Weconsider two alternative but related models of visitors'

action. In both, weassumethevisitor hasonly a� xed set of navigation actionsat hisor her disposal.

Speci� cally, if the visitor isat screen ��� 
 , then the set of available actions is2:

�

���

, scroll ��,���� 	�
 ����������,��

� 	
�

�

1In many ways, the intrinsic and extrinsic utilities are analogous to the authority and hub weights, respectively, from
Kleinberg's work [59].

2The visitor can also simply stop browsing at the site. We model this action by creating a special stop page in � to
which every other page links. When a visitor stops browsing, he or she implicitly follows the link to the stop page.
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That is, the visitor may: scroll down to the next screen (assuming that � � 
 is not the last screen of

thepage); or follow any link that appears on thescreen.

The two models differ in whether they assume the actions are mutually exclusive. In the � rst

model, which wecall thesession model, actionsarenot mutually exclusive—thevisitor may perform

anumber of actionsat any screen (e.g., follow threedifferent links(each timereturning to thisscreen

with the browser's “back” button) and scroll to the next screen of content). Thus, in this model, we

maintain independent probabilities that the visitor will take each action, and these probabilities

will generally not sum to one. This model is appropriate when the personalizer will adapt the site

infrequently (e.g., once per day, or once per session), or when the sequence of previously-visited

pages is unimportant.

In the second model, which we call the trail model, the actions are mutually exclusive—the

visitor may take only one action. Further, this model makes the simplifying assumption that all the

content onapagedisplaysinonescreen; thus, thismodel ignoresscroll actions(i.e., it considersonly

navigation actions). The trail model is appropriate if the personalizer adapts the content after each

request—that is, if thepersonalizer assumes thevisitor will not takemultipleactions without giving

thesystem another opportunity to adapt the site or current page. Thismodel effectively calculates a

probability for each possible trail of page requests thevisitor may take (given therecently-observed

trail pre� x), and is thus best suited for personalizers that require or can take advantage of this

sequence information.

Given a model of navigation (either the session model or the trail model), wecan formulate the

expected utility of the site. Recall from Section 2.3.3 that the evaluation function � takes as input

the web site � , the page requested � , the browsing context � , and the current visitor model � , and

calculates the quality of the site. If we let
�

� and
�

� be the personalized versions of � and the

requested page � and ��� 	 �

�

�

�(
 be the utility of
�

� for visitor � , then:

� �

�

� �

�

� �
� ���-


� � ����� 	 �

�

�

�.

�

In other words, asweobserved earlier, theevaluation of
�

� is theproduct of arecursive traversal

through the site, and this equation states that
�

� is the root of that recursion. Similarly, because only

the � rst screen of
�

� is initially visible to thevisitor, wecalculate theexpected utility of
�

� (or any � � ,
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in fact) as the expected utility of its � rst screen:

� ����� 	 �

� � � 

�

� � ����� 	 �

� � � � 

�

The expected utility of a single screen ��� 
 is the sum of its expected intrinsic and extrinsic

utilities:

� ����� 	 �

� � � 
 

�

� � � IU � 	 �

� � � 
�

� �

� � EU � 	 �

� � � 
 

�

The intrinsic utility of ascreen measures how useful the screen's content is toward ful� lling the

visitor's information goal, in isolation of the rest of the web site. Typically, the intrinsic utility will

depend on thevisitor model—thepast history and demographics. A moredetailed description of in-

trinsic utility depends on particular assumptions regarding visitor interests and goals; seeChapter 4

for adiscussion of themethod weused in PROTEUS and Section 7.4 for our approach in MONTAGE.

The extrinsic utility, on the other hand, measures the value of a screen's connections to the rest

of the web site. As we noted earlier, the visitor may reach other parts of the web site by taking

navigation actions from the current screen. Associated with each of these actions is a probability

that the action will be taken, denoted by
�

�

� action � �.
 . In addition, actions may impose a cost

to the visitor (i.e., a negative utility); these costs are �(' and � � for scrolling and following a link,

respectively. These costs subtract directly from the expected utility of the action, and represent the

cost to the visitor (in time, money, etc.) of taking the action. In summary, if we let dest � $
� 


�+


be the destination page of link $
� 


� , then the extrinsic utility of screen ��� 
 is a sum weighted by

probabilities:

� � EU � 	 �

� � � 
 

�

�

�

�

� scroll � �(
��

� ����� 	 �

� � �

	


 � ��

�����-'�
 �

�

�

�

�

�

� $
� 


��� �(
��

� ����� 	 �

� dest � $
� 


� 
 

����� � 

� (3.1)

We can see that Equation 3.1 introduces the recursive component of the evaluation function, by

referencing the utility of other pages and screens. The recursion is halted when the expected utility
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of ascreen or page is less than thecost of reaching that content (i.e., when � ��� � 	 �

� � �

	


 � � 

� " � ' or

����� � 	 �

� dest � $ � 
 �+
 

� " � � ).

Theequations given aboveand a formula for intrinsic utility completely determine the utility of

an adapted page
�

� . However, theequationsgiven, evaluated verbatim, would not becomputationally

tractable—they call for ascreen-by-screen decomposition of potentially every pagein theentireweb

site. For small sites, this � ne-grained analysis may be possible, but many sites have hundreds if not

thousands of static web pages, aswell aspotentially limitless dynamic web pages—far too many to

examine individually. Fortunately, the evaluation can be made computationally much simpler with

the aid of a few assumptions and simpli� cations. We describe those conditions and how to take

advantage of them aswepresent our implemented systems.

3.3 Search control

Any state-space search method is, in principle, applicable to our problem, but we found that a

simplehill-climbing search control method worked well (seeTable3.1). Throughout thesearch, the

personalizer maintains thebest-known stateso far, BestState, and acurrent search seed SearchSeed.

At each iteration in the search, the personalizer produces all states one “step” away from the search

seed by applying the search operators (described below), and replaces the search seed with the best

of these new states. The search stops after a � xed number of iterations and the personalizer returns

thebest state found.

3.4 Search operators

The search operators make individual adaptations to the web site. For example, an operator may

createanew page, or add a link between existing pages, or embed ablock of content from onepage

into another. These adaptations may affect any part of the site (i.e., a single page or link, or many

pages), but in our work we concentrate on operators that in� uence only the requested page � . The

speci� c search operators weexamine are detailed as wepresent each system in this dissertation.
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Table 3.1: Search control. TheSearch function takes a web site, visitor model, browsing context,
and requested page as input and returns the personalized site

�

� that maximizes � �

�

� �

�

� �
� ���-
 .

Inputs:
� Unadapted web site

� Visitor for whomto personalize
� Context of current browsing session

� Next page requested by �

Search( � ��� �
� � � )
BestState �

�

BestValue �

� ��� � � �
� ���-


SearchSeed �

�

For
�

iterations:
�

� Generate new states from SearchSeed
�

� State in
�

with greatest � � � � � �
� ���-


SearchSeed �

�

If value of � # BestValue
BestState �

�

BestValue �

� � �!� � �
� ��� 


Return BestState
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Chapter 4

THE PROTEUS ARCHITECTURE

This chapter presents our � rst implemented system for web site personalization: PROTEUS1.

PROTEUS follows the search framework described in the previous chapter, although we describe

a few implementation-speci� c issues here. The goal of PROTEUS is to improve the mobile web

browsing experience by personalizing content. Visitors browse the Web from mobile clients, such

as wireless Palm VIIs, and PROTEUS acts as an intermediary between the visitor and the Web.

PROTEUS treats the entire web as a single “site,” in the sense that PROTEUS builds a single model

based on visitors' behavior at all sites viewed. We evaluated PROTEUS with a small � eld study and

present those � ndings in Section 4.5.

PROTEUS follows the architecture presented in Chapter 3, and we present here the details of

the system left unspeci� ed by the high-level architecture. PROTEUS employs the search control

described earlier, and uses expected utility (with asession navigation model) to evaluate each state.

Figure 4.1 shows the architecture of our implementation. We next introduce the search operators,

followed by details of how wecalculate the intrinsic utility of content for our visitors.

4.1 Search operators

PROTEUS employsthreesearch operatorstoadapt content on thesite: elide-content, swap-siblings,

and add-shortcut. These operators manipulate the content on the requested page, either eliding or

rearranging content, or adding navigation links. We limit the elision and rearranging adaptations to

operate only on select regions of the page called content blocks, to ensure the operation does not

change the meaning of the content. The next section describes these content blocks, and we follow

by giving more detail about each adaptation.

1Much of thematerial presented in thischapter waspublished in the10th International Conferenceon theWorld Wide
Web [4].
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Figure 4.1: PROTEUS architecture.

4.1.1 Content blocks

A content block corresponds to a conceptually coherent region of content on the page that an adap-

tation may manipulate. For instance, content in a " di v # tag can bemanipulated, ascan entire lists

( " ul # , " ol # ), but asingle emphasized word ( " em# ) cannot. In addition, blocks can be nested.

Figure 4.2 shows a typical decomposition into these content blocks, for Yahoo!'s � nance portal

(f i nance. yahoo. com). PROTEUS uses the following heuristics to identify content blocks:

� A paragraph of text. Regions of text in the HTML � le that contain only small spans of

markup (e.g., links, emphasized words, etc.) are aggregated into paragraphs even if no " p #

tag existed in the original document.

� An HTML header ( " h1 # , ..., " h6 # ) and all the content following it until the next header

of the same “ level” or higher. For example, an " h2 # , all the content following it, including

perhaps " h3 # headers, until the next " h2 # or " h1 # . This block also is limited in scope

by theheader tag's parent node in the HTML parse tree.

� An HTML table (
"

t abl e
#

).

� A single row in a table (
"

t r
#

)2.

2Note that, although the contents of a table row or cell may be adapted, we never remove the row itself, to ensure that
the table remains formatted correctly.
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Figure4.2: Content blocks. Solid black borders outline blocks of content that may bemanipulated
by search operators. Note that these blocks may benested.

� A single cell in a table ( " t d # ).

� A list ( " ul # , " ol # , or " dl # ).

� A list item ( " l i # in ordered or unordered lists, or both the " dt # and " dd # from a de� -

nition list).

� A division ( " di v # ).

� A form ( " f or m# ).
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4.1.2 elide-content operator

The elide-content operator replaces a subtree of
�

� with a link to the original content in a fashion

similar to Digestor [13] (Figure 4.3). Content elision trades off screen space and visual complexity

of
�

� for the cost the visitor may incur to view the elided content (i.e., to follow the link). Note that

elided content is still available—the visitor can always reach the original content by following the

replacing link. The anchor of the newly created link is derived from the � rst several words of the

elided content; PROTEUS limits theanchor length to threewordsof the � rst HTML tag in theblock.

This choice of anchor is useful when the content block starts with an HTML header tag (hence, the

anchor text would be the header text), but can perform poorly if, for example, theblock contains an

unrelated advertisement near the top.

4.1.3 swap-siblings operator

The second operator, swap-siblings, permutes two subtree siblings in
�

� 's hierarchy. The result

of swap-siblings is to swap the positions of the subtrees' content in the rendered page: if � � is

the left-sibling of ��� , then swapping � � and ��� will place the content of ��� above � � in the browser

window. Like elide-content, swap-siblings is allowed to swap only preidenti� ed content blocks.

In addition, swap-siblings may not swap any blocks that are implicitly ordered, such as ordered

lists ( " ol # ) or text ( " p # ). Figure 4.4 shows an example of swap-siblings.

4.1.4 add-shortcut operator

The � nal operator, add-shortcut, creates a new link from
�

� to some other page in � (Figure 4.5).

Because � may havean arbitrarily large number of pages, add-shortcut doesnot consider all new

links from
�

� . Instead, add-shortcut considers only those pages that can be “reached” by following

at most
�

links from (the original version of)
�

� . Thus, add-shortcut may create a link from
�

� to

another pagethat effectively “shortcuts” alonger path of links. For instance, if thevisitor previously

followed the path �

�

���

�

���

�

���

�

� ) , add-shortcut may create a link directly from
�

� to

�*) . Furthermore, PROTEUS places the new link
�

�

�

� ) next to the link
�

�

�

�	� , based on the

assumption that, if the visitor previously reached � ) by � rst going through �
� , and the visitor wants

to � nd � ) again, thevisitor will look toward the link to �
� � rst. Of course, PROTEUS knowsto place
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Figure 4.3: Elided content. At the top is an unadapted web page. Beneath a number of blocks of
content have been elided and replaced with hypertext links.
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Figure 4.4: Swap content. The top two articles on the unmodi� ed Slashdot web page (top) have
been interchanged (bottom).
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Figure 4.5: Shortcut links. PROTEUS has created a new shortcut link on the this page: “UW CSE
Faculty” . The link isplaced near the most common starting point of the path it shortens.

�

�

�

� )
near

�

�

�

�
� only if the visitor actually took the path

�

�

�
�

������� �

�*)
before. If the

visitor has not established this path before, then PROTEUS places the link based on the paths other

visitors at the site have taken. That is, if there are many paths from
�

� to � ) , PROTEUS will choose

the most popular path and place the shortcut link near the � rst step along that path. Theanchor text

of the link ischosen as the destination's " t i t l e # (if it exists), the � rst " h1 # (if it exists), or the

URL.

4.2 Web site evaluation

Aswestated in theprevioussection, weevaluate thesearch statesby calculating theexpected utility

of theweb site for thevisitor (PROTEUS ignores thevisitor browsing context). Theprevious section

described the framework for this evaluation, but left some details to the actual implementation of

thesystem. Below, wedescribe these choices in PROTEUS.
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4.2.1 Probabilities and costs of navigation actions

PROTEUS employs thesession navigation model, asdescribed in Section 3.2.2. PROTEUS estimates

the probabilities that the visitor takes each of the actions available at screen � � 
 by measuring the

frequency with which the visitor took the action in the past. For example, the probability that the

visitor follows a link �('

�

�*) is the quotient of the number of sessions in which the visitor viewed

�*) sometime after � ' divided by the number of sessions in which the visitor viewed � ' (i.e., the

probability of the link � '

�

�*) is simply the probability the visitor will reach � ) sometime after � ' ).

The probability for scrolling is derived empirically and is held constant. PROTEUS presently

uses a probability of 0.85 that the visitor will scroll to the next screen, although this number can

be determined by collecting more information from the visitor's browser (for instance, dividing up

every conceptual page of content into HTML pages that � t exactly within one screen, and counting

how often the visitor requests each additional screenful of content; such a technique is used by the

Daily Learner [15]).

Actions impose a cost on the visitor. Through empirical evaluation, weset the cost of scrolling,

�-' in Equation 3.1, at 0.01 and the cost of following a link, � � , at 0.05. Thesevalues tended to work

acceptably in practice, although we found that our results were largely insensitive to their exact

values. These costs subtract directly from the expected utility of the distal page, which ranged in

value from 1.0 or 2.0 all the way up to over 100.0, with the discrimination between high-quality

and low-quality pages at different levels for different users. In practice, the dominant factor in the

expected utility equation is the product of probabilities of taking chains of actions. That is, for all

but the most probable links the visitor would follow, the contribution of a remote page to expected

utility is already vanishingly small, irrespective of the cost of following the link. The situation is

similar for scrolling through the screens of the current page.

4.2.2 Intrinsic utility

Our implementation measures the intrinsic utility of a screen as a weighted sum of two terms,

which relate to how the screen's content matches the visitor's previously viewed content, and how

frequently the visitor viewed this screen. If
�

� 
 is the viewable content on screen ��� 
 , then:
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IU �

� � � 
�


���

sim
� sim�

�

�

� 
 
��

�

freq
� freq�

� � � 
�
 (4.1)

sim�

�

�

� 
 
 is the similarity between
�

� 
 and a model representing the visitor's web content in-

terest. In PROTEUS, we are concerned only with the textual content of the page, and ignore any

graphical elements. We model the visitor and the requested content as word vectors, vectors in an

� -dimensional space, with each word that appears on any web page as a different dimension. We

omit words from a � xed set of common “stop words,” such as `I' , `you' , `the' , `an' , etc. We scale

both vectors according to a TFIDF scheme [87], which weighs words proportionally to how often

they appear in the document (in this case, the visitor or document model), and inversely propor-

tionally to how often the words appear in any document. We explain this approach in more detail

next.

Let ���
� 	 be the word vector for content

�

� 
 , and consider a particular word
�

. The value of

���
� 	

�

�


 is the number of times word
�

appears anywhere in
�

� 
 , divided by the number of other

pages on which word
�

appears. For instance, if the word “Microsoft” appeared eight times in
�

� 
 ,

but appeared in atotal of 119 documents, then ���
� 	

� “Microsoft” 


���	��
�
�
 . Thenumerator iscalled

the “ term frequency” and the denominator is called the “document frequency.”

Let �

� be the visitor's word vector, and again consider a word
�

. Instead of simply summing

the number of times the visitor has encountered the word
�

before, we compute a weighted sum in

the following manner. Any words on apage at the end of a browsing session receive ahigh weight;

if the visitor stopped browsing after that page, then that page, more likely than not, answered the

visitor's needs.3 On earlier pages in a browsing session, any words near the links selected receive a

moderate weight, while theother wordson thepage receive little or no weight. Weassign moderate

weight to link anchor words because these words caught the visitor's eye while browsing; these

words must have some signi� cance for the visitor. The term frequency for a word
�

is thus the

weighted sum of all the occurrences of word
�

in the visitor's history. The document frequencies,

3Of course, a visitor may end a browsing session without ever satisfying his or her information goal, and, worse, this
model would reinforce whatever dead-end the visitor stopped at. However, our experience indicates that, for a wide
rangeof information-seeking goals, the last pagein asession most often doessatisfy thevisitor's task, and doescontain
pertinent content. An interesting lineof futurework would be to improvehow thecontent model ispopulated from the
access logs.
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by which theentries in �

� aredivided, are thesameas for � � � 	 : thenumber of web pageson which

word
�

appears.

Thesimilarity between
�

� 
 and
�

is thus � nally computed asthedot product of theword vectors

normalized by their lengths:

sim�

�

�

� 
 


�

��� � 	

�

�

�

� � ��� � 	 � �

�

� � �

�

� �

The freq�

� ��� 
 
 term in Equation 4.1 measures the utility of ��� 
 by the number of visits to its

parent page � � . Intuitively, each visit to � � expresses an incremental unit of value given to the

page, and we distribute this value uniformly among the screens. Thus, freq �

� ��� 
 
 is calculated by

counting thenumber of visits to � � , and dividing by thenumber of screens into which it decomposes.

We balanced the weights �

sim and �

freq in Equation 4.1 to trade off each additional page view by

the visitor for roughly 1% of text similarity. As with the action cost values, this choice of value

seems to work well in practice, but this value can be determined empirically.

4.3 Heur istic optimizations

In the last chapter, we noted that calculating expected utility using the given equations verbatim

would be computationally intractable—the equations imply a need to recur through the entire web

site, evaluating each screen of content. Fortunately, we can make this evaluation more tractable

with two heuristics. The � rst heuristic is to assume that the cost of scrolling a page of text is much

smaller than that of following a link ( �*'�� � � ). In this case, the cost of viewing, say, the second

screen on adistant page isdominated by thecost of reaching that page( � � � �-'�� � � ). Thus, wemay

treat all pages but
�

� as single-screen pages and can ignore the recursion due to scrolling on these

pages.

The second heuristic places a bound on the number of pages considered when evaluating
�

� .

We implemented a priority queue into which pages � � and screens � � 
 are placed, ordered by the

maximum probability that thevisitor will reach the respective content. For example, the � rst screen

on
�

� has probability 1.0, the second screen probability 0.85, and a link very frequently followed

from thesecond screen (say, in ninesessionsout of ten) hasprobability � �

�����

� �


 �

� �	��


� . Wecan
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tuneexactly how much computation isspent evaluating
�

� by setting athreshold on theprobability—

any content that hasa lower probability of being viewed will simply be ignored in our computation.

This threshold gives us a direct “knob” that we can turn to trade off performance for accuracy: the

lower the threshold, the more accurate the evaluation, at the expense of recurring through more of

thesite.

4.4 Performance

PROTEUS iswritten inPython and usesaMySQL databaseserver. PROTEUS runsasaproxy through

which mobile clients connect. To adapt a remote web site, PROTEUS retrieves the requested page

and manipulates it locally, retrieving additional pages from the remote site on demand. Our system

can generate each alternative personalization in 10 milliseconds and produces an average of 40

adaptations per search iteration. Evaluating each personalization requires roughly 500 milliseconds

using a probability threshold of 0.001. In our experiments we ran PROTEUS for 20 iterations of

search for each page, which typically produced a personalized page in four to seven minutes.

With these rates, PROTEUS can successfully adapt a web site of� ine in a reasonable amount of

time, but isnot yet fast enough to producepersonalized content at “click-time.” However, twosimple

enhancements can substantially increase the speed of our system. First, the single most-expensive

operation isretrieving content from theremotehost. Our system cachesasmuch information locally

as it can, but ensuring that the local information isaccurate, and collecting new content from remote

hosts, consumes a great deal of time. If PROTEUS were installed on the remote web site directly,

this overhead would be eliminated. Second, although Python is an excellent prototyping language,

its performance in certain areas, such as string manipulation, is less than ideal. Our later systems,

such as M INPATH (Chapter 5), are written in C++ and perform more than two orders of magnitude

faster. Weare con� dent that an equivalent speed-up is possible for PROTEUS.

4.5 Evaluation

In this section we present the results of an experiment that provides insight into the effectiveness

of our system. In the experiment, we track ten test subjects' browsing habits on their desktop

workstations and then compare how effectively these subjects can use a suite of personalized and
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non-personalized web sites on a wireless Palm Connected Organizer. We measure visitor effort in

terms of both time to attain the goal and the amount of navigation (number of scrolling actions

and links followed) the visitor must take. In the following subsections, we present our method of

collecting data, details of our experimental setup, and our results and analysis.

4.5.1 Test subjects

Nine of our ten user study participants were graduate students at the University of Washington;

the other was a faculty. All participants had extensive experience on the Web (all were computer

scientists), but only threehad used handheld computers extensively before. Noneof theparticipants

had browsed the web from a mobile device, and few users were familiar with the web sites we

examined in our study.

4.5.2 Data collection

A key element in our experiment is a body of detailed access logs for the test subjects' browsing

behavior. To produce these logs, we instrumented every subject's desktop browser to make all its

requests through a proxy, and to not cache any web content. Thus, pages the subjects viewed and

links followed were recorded in the logs4. We then asked the test subjects to perform a suite of

information-seeking tasks (“ information sorties”) that we provided each day. The tasks dictate a

starting page and we directed the subjects to attain their goals by browsing exclusively at the given

site. The complete list of questions used in our experiment appears in Appendix A. We use two

example questions for illustration here:

� “Find the current stock price for MSFT, starting at f i nance. yahoo. com”. We varied

the particular stock ticker symbol among a number of computer-related technology stocks

(MSFT, YHOO, AMZN, etc.).

� “Find the makeand model of theeditor's choice digital camera at cnet . com”. Thevariable

is the consumer electronics device, which weselected from among several choices.

4The only page views missing from the logs were pages visited using the browser's Forward and Back buttons.
However, because every new page request included the URL of the referring document, we could reconstruct the
entire sequence of page requests, with the only exception of loops of Forwards and Backs.



41

The tasks in the seed suite were drawn randomly from a distribution of parametric questions

(i.e., the tasks contain variables that permit many similar but not identical questions) and represent

a coherent model of visitor interest (i.e., the goals were typical of a visitor whose interests did not

change substantially over time).

4.5.3 Evaluation with a mobile device

In our experiment, we asked the test subjects to browse the web with a wireless Palm Connected

Organizer5. Thesubjectsweregiven asuiteof information-seeking goals to achieve, drawn from the

samedistribution asthegoalsduring theoriginal seeded browsing phase. Note that about half of the

goals in this test phase were identical to thegoals from theseeded-browsing phase (although not all

of our participants answered all the goals during the training phase). This duplication is acceptable

in our experiments, because visitors frequently will have the same goals on a number of occasions,

for example, when the answer to a question changes with time (e.g., “What is the stock price of

MSFT today?”). During this experiment, we measured the number of navigation actions taken and

amount of time required to meet each information-seeking goal.

We asked test subjects to answer the suite of questions twice: once, on the unmodi� ed web

site, and once on a personalized version of the target site. Wereversed the order of unmodi� ed and

personalized siteon half thetest subjects, to reduceany participant training effects. Wepersonalized

the target site for each visitor by allowing PROTEUS to � rst build a model of that visitor, based on

thesubject's past seeded browsing data (their desktop, broadband browsing data), and then to create

adapted pages for the test suite. We did not personalize every page of every web site because

of the sheer volume of the task—all the sites in our study contained dynamic web content and

potentially anunlimited number of pages. Becauseour current implementation isnot yet fast enough

to adapt a single page in real-time, we personalized the sites before the subjects performed their

tests. We chose the speci� c pages for PROTEUS to adapt by using our human judgment of where

thesubjects would likely visit during the test. Note that wedid not in� uenced thepersonalization at

all—we simply selected the subset of pages that PROTEUS will personalize, purely for the sake of

5We connected a Palm VI I to a Ricochet wireless modem for network connectivity and used EudoraWeb [89] as the
web browser on the Palm.
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Figure 4.6: L inks followed. Pairs of bars represent questions in the test suite and are ordered as
they werepresented in theexperiment. Each pair is labeled with theweb siteused in theinformation
sortie, and the heights show average number of links followed.

ef� ciency. On average, PROTEUS personalized 21 pages for each subject, which represented 38%

of thesubjects' pageviewsduring theexperiment. Because PROTEUS personalized only asubset of

the actual pages viewed, our results present a lower bound on the bene� t the visitor would receive

and tend to understate the full impact personalization would have for amobile visitor.

A priori, we anticipated two results from this experiment. First, we anticipated that, to reach

their information goals, the subjects would require fewer navigation actions and less time on the

personalized site than on the equivalent unmodi� ed site. Second, we anticipated that subjects'

behavior would becomemoreef� cient asthey repeatedly navigated thewebsiteson thePalm device.

To mitigate this “subject-training” effect in our results, wealternated for each visitor which version

of the web sites we presented � rst—personalized or unmodi� ed. Thus, both versions of the web

sites received equal advantage in our experiment as awhole.

Figures 4.6, 4.7, and 4.8 compare links followed, scrolling actions required, and time spent to

attain each goal on the personalized versus unmodi� ed web sites. Along the � -axis is the amount

of effort—time in seconds or number of links or scrolling actions—while along the � -axis is the

location of each goal listed chronologically. Results for the unmodi� ed sites appear as the left,

darker column while results for the personalized sites are given in the right, lighter column. These
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Figure 4.7: Scrolling actions required. Pairs of bars represent questions in the test suite and are
ordered as they were presented in the experiment. Each pair is labeled with the web site used in the
sortie, and the heights show average number of scrolling actions needed to complete the task.

graphsshow that, for many of thesites, PROTEUS'spersonalizationsappear quiteuseful: PROTEUS's

addition of shortcut links and elision of unnecessary content reduced both the time required and the

amount of visitor navigation at thesites. However, thestudy also illustrates anumber of weaknesses

in our implementation. Thesearenot fundamental � aws in our approach, but rather implementation

issues that must be addressed by asuccessful personalizer:

Over ly aggressive content elision. For a number of personalized pages, particularly those

for the cnet . comand f i nance. yahoo. comdomains, PROTEUS elided blocks of content that

contained the links for which the visitor was looking, thereby requiring more effort to attain the

information goal. PROTEUS's visitor model incorporates both content and structural preferences,

but it is clear that the weights of these preferences must be tuned carefully. As an extension to

PROTEUS, one could incorporate a con� dence model that predicts how accurate each component

of the model will be on each page. For example, on a page containing predominantly links, the

con� dence in thestructural model component ismuch greater than for thecontent (i.e., word-based)

component. That is, the personalizations on a page of links should depend more strongly on the

probability the visitor will follow each link, and less strongly on the textual content of each anchor

word. Additionally, the con� dence in the structural component depends on the number of times the
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Figure4.8: Timerequired. Pairsof bars represent questions in thetest suiteand areordered asthey
were presented in the experiment. Each pair is labeled with the web site used in the sortie, and the
heights show average time in seconds to complete the task.

visitor hasviewed thepage. If thevisitor views thepage frequently, and follows thesame two links

each time, then the personalizer has much higher con� dence that those links are very important

elements of the page.

Another side effect of overly aggressive elision was that visual cues used by visitors to orient

themselveswereremoved by PROTEUS. Without thesecues, visitorshad dif� culty navigating within

each page. The cues themselves are apparently “not interesting” as far as the user model would

predict, but clearly do have someuse for the visitors.

Inconspicuous elision links. We designed our method of eliding content explicitly to tolerate

incorrect elision of content by PROTEUS: PROTEUS creates a link in the place of the removed

content. However, thesubjects in our study often could not � nd thelink to theelided content, usually

for one of two reasons. First, the link anchor text for elided content was taken from the � rst few

wordsof theremoved content. For theexamplesin Figure4.3 theanchorsareintuitive(e.g., “Mutual

Funds...” ). However, when the elided content block contained, for instance, an advertisement at the

top, PROTEUS selected the text from the advertisement as the link anchor—clearly, an unintuitive

choice. Unfortunately, automatically � nding a brief summary of a block of text, much less a page

of content, is an open research problem [68]. A second reason elision links were dif� cult to � nd
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wasthat their visual appearance wasno different from theother linkson thepage. Thus, thevisitors

could not tell when a link led to elided content, or when the link simply led to another page. A

simple solution to this problem is to add a unique annotation to elision links, or � nd some other

approach to make elision links more salient.

Over-estimated navigation probabilities. On graphically intense pages, such as cnn. com

or cnet . com, the visitor can easily � nd his or her desired link when using the desktop browser.

However, on the mobile device, such a page typically appears as a morass of links and text, often

indistinguishable from one another, and the visitor has great dif� culty in locating the link of inter-

est. Unfortunately, PROTEUS calculates theprobability that thevisitor follows a link simply ashow

often the visitor has followed the link before while browsing on the desktop, when the visitor isun-

encumbered by the display constraints of the mobile device. Thus, PROTEUS tends to overestimate

the link probabilities and, instead of adapting the page to reduce the visual complexity, will search

for (what it views as) more useful personalizations, such as adding new shortcut links. In another

lineof futurework, onecould expand the link probability estimate to take link salience into account,

which will discount the value of visually complex pages and encourage PROTEUS to create simpler

pages. An alternative approach would be to explicitly model the differences in navigation behavior

between desktop and mobile users, and apply this function to the observed desktop model to create

an approximate mobile model.

4.6 Summary

This chapter described our initial attempts to personalize web sites, in this case for mobile visi-

tors. Our experiment provides evidence that search-based personalization is an effective means of

retargeting existing content to mobile clients. However, our implemented system displayed some

weaknesses, in particular slow run-time performance and possible detrimental changes to the site.

In the next chapters, we address both these concerns, by concentrating on the add-shortcut adap-

tation. Adding shortcut links rarely degrades the web experience and frequently improves it. In the

next chapter we describe an algorithm that identi� es useful shortcut destinations very ef� ciently,

and subsequently we re� ne this approach to take advantage of the relational structure inherent in

most web sites.
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Chapter 5

THE M I NPATH AL GORITHM

In thischapter, weconcentrateon asinglepersonalization, add-shortcut, that had ahigh impact

in our PROTEUS experiment. Wedevelop an algorithm that � ndsshortcuts ef� ciently, and in partic-

ular leveragesmuch moreof theweb server log datato build morereliablenavigation models. In the

next section wepresent our M INPATH algorithm, followed by an evaluation of several instantiations

of M INPATH on data from our institution's web site (www. cs. washi ngt on. edu).1

5.1 Finding shortcuts with M I NPATH

We assume the visitor is on an information sortie—looking for the page at the site that will answer

an information need. Our goal, then, is to help the user reach that target page quickly; we do so

by providing shortcut links to visitors to help shorten long trails. Our system adds shortcut links

to every page the visitor requests. Ideally, the shortcuts suggested will help the visitor reach the

destination of the trail with as few links as possible. We state the shortcut link selection problem

precisely as:

� Given: avisitor
�

, a trail pre� x � � �+��������� � �  , and amaximum number of shortcuts � ;

� Output: a list of shortcuts links (� �

���

� , , � , ��� ), ..., (� �

���

� , , � , � � ), where ,�
 is theanchor

of link �
�

���


 , the link isplaced ascontent node �

 , and the list minimizes thenumber of links

the visitor will follow between �
� and the visitor's destination.

Each link selected includes threeparts: thelink destination, theanchor shown to theuser, and the

location on thesource page to place the link. In this thesis, weconcentrate on only the � rst of these

challenges, and we evaluate our approach using a simulated user that ignores the anchor text and

1Much of this chapter appeared in the 17th International Joint Conference on Arti®cial Intelligence [3].
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location. However, a reasonable strawman approach could use thedestination page's " t i t l e # , if

it exists, or URL as theanchor, and place the link in a � xed-position region on each source page.

The choice of � , the number of shortcuts to add per page, is an important one, and is given as

an input to the problem. Large values of � , for instance, equal to the number of pages on the site,

would allow apersonalizer to add ashortcut to every page. Then theuser could “easily” navigate to

any page on the site with a single link. Of course, such apersonalized page would be unusable: the

page would be unmanageably large, from the standpoint of rendering the HTML, and particularly

from thecognitivestandpoint of thevisitor understanding thecontent. Instead, weanticipate that the

human web site designer will choose � to be small, for example, � ve or fewer. With a small value

of � , and by placing theshortcuts in aconsistent position on each page in the site, the designer can

minimize the added cognitive cost of displaying dynamic content on each page. Thus, in our work,

we assume the site designer has made such choices, and we do not explicitly model the cognitive

cost in adding shortcuts.

The last page in the trail pre� x, � � , is the page the visitor has requested most recently, and the

page on which the shortcuts are placed. We calculate the savings that a single shortcut � �

��� offers

as the number of links the visitor can avoid by following that shortcut. If we know the entire trail
�

�

� � � ��������� � � ��������� � �- , then the number of links saved by � �

��� is:
��

�

����

�

�

�


 if �

�

� 
 for some
�

"

�


 �

� otherwise
That is, if the shortcut leads to a page further along the trail, then the savings is the number of

links skipped (wesubtract one because the visitor must still follow a link—the shortcut link). If the

shortcut leads elsewhere, then it offers no savings.

5.1.1 The M INPATH algorithm

At a high level, our approach follows the search framework of Chapter 3, but optimizes for adding

shortcuts. First, we make the assumption that the intrinsic utility of each page is equal (thus, the

expected utility of each pagedependssolely on theextrinsic utility—thepage'sconnections with the

rest of theweb site). Second, instead of searching through web-state-space, our algorithm computes

the value of each relevant shortcut link in only one invocation. This choice has an effect on the

optimality of M INPATH, as we discuss in Section 5.1.2. M INPATH employs the trail model of user
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navigation (Section 3.2.2).

If one had knowledge of the complete trail � ���+��������� � � ������� � �- , selecting the best shortcut desti-

nation at any page � � would be easy: simply make it � �

�

� �

2. Of course, at runtime, a visitor has

viewed only a trail pre� x, and the adaptive web site must infer the remaining pages. Our approach

relies on a model of the visitor's behavior to compute a probability for every possible trail suf� x

�

�

��� � ������� �

�

�- on the site. Intuitively, these suf� xes are all the possible subtrails originating from

� � . Given a suf� x and its probability, weassign an expected savings to the shortcut � �

� �


 to each
�


 in the suf� x as the product of the probability of the suf� x and the number of links saved by the

shortcut. Note that a particular shortcut � �

� �


 may appear in many trail suf� xes (i.e., many trail

suf� xesmay pass through thesamepage �


 ), and so theexpected savings of ashortcut is thesum of

the savings of theshortcut for all suf� xes.

A brief example will elucidate these ideas. Suppose that a visitor has requested the trail pre-

� x �

�

��� � �  and we wish to � nd shortcuts to add to page � . Suppose that our model of the

visitor indicates there are exactly two sequences of pages the visitor may complete the trail with:

��� �

�

��� ��� ���  , with aprobability of 0.6, and ���*�
	 ��� �

�

 with aprobability of 0.4. Theexpected

savings from the shortcut �

�

� would be � � 


� 
 �

� � 
 , because the trail with page � occurs

with probability 0.6 and theshortcut savesonly one link. Theexpected savings for shortcut �

�

�

includes a contribution from both suf� xes: � � 


���

� � �

� ��
 ��


�

�

� � �

� ���

�


 . Of course, in

practice, there are far many more than two trail suf� xes to consider, and these suf� xes may even be

subsequences of each other (e.g., ��� �
	  , ���*�
	 ���  , ���*�
	 ��� �

�

 , etc.).

The M INPATH algorithm isshown in Table5.1. TheExpectedSavings function constructs the

trail suf� xes by traversing the directed graph induced by the web site's link structure. Starting at

the page last requested by the visitor, �
� , ExpectedSavings computes the probability of following

each link and recursively traverses the graph until the probability of viewing a page falls below a

threshold, or a depth bound is exceeded. The savings at each page (CurrentSavings) is the product

of theprobability,
�

' , of reaching that pagealong suf� x
�

' and thenumber of linkssaved, $ �


 . The

MinPath function collates the results and returns the best � shortcuts. The next section describes

2Weleave to futurework the task of generating an anchor for the link and selecting a position for it on theoriginating
page.
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how weobtain the model required by M INPATH.

5.1.2 Analysis of M INPATH

Returning thebest � shortcuts isoptimal only in arestricted sense. Speci� cally, M INPATH assumes

that the expected savings of shortcut �

��� is independent of other shortcuts that may be added to

page � . Based on this assumption, M INPATH makes a greedy choice when building its set of �

links to add to � : M INPATH takes the � links that, individually, have high expected savings. This

assumption is likely violated in practice; for example, two shortcutswith high expected savingsmay

both lead along acommon trail suf� x, and so theexpected savings of both isnot thesum of each in-

dividually. However, it is convenient for computation, as M INPATH needs to calculate the expected

savings for each pagein thesiteonly once. Thecomplexity of thiscomputation (ExpectedSavings

in Table 5.1) is �����

)


 where � is the average number of links on each page (i.e., the branching fac-

tor) and � is the length of trail suf� xes considered. We choose small values for � to ensure this

computation is fast.

It is desirable to relax the assumption that shortcuts are independent, because doing so would

allow M INPATH to makebetter useof thelimited number of shortcutsadded per page. Oneproposal

isto follow agreedy heuristic, selecting, at � rst, thesinglebest shortcut �

��� , but then re-calculating

theexpected savings for all other shortcuts given theexistence of �

��� . Unfortunately, thisproposal

is not provably optimal—the optimal set of two shortcuts may be the second- and third-place links

when ordered by expected savings. However, this approach would produce sets of shortcuts that

perform no worse, and perhaps much better, than our current M INPATH algorithm. One important

subtlety is how the existence of previously selected shortcuts affects navigation throughout the site.

For example, suppose that page � has two links, �

�

� and �

��� , and the shortcut �

��� bypasses

the trail �

�

�

�

�

� � . Given the existence of �

��� , the probability of navigation at � may

be effected, because the shortcut reduces the fraction of traf� c at � that follows �

�

� . In addition,

if � links to � , then the shortcut �

��� would have lower expected savings, because the expected

trail to � has become shorter (one link, now, from � to � , instead of three). We leave as future

work exploring this extension, although it should be largely a matter of careful bookkeeping (i.e.,

recording the probability and length of each trail suf� x, and adjusting the probabilities and savings
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Table5.1: M I NPATH algor ithm.

Inputs:
�

Observed trail pre� x � � � ������� � � �� 

� � Most recent page requested
�

Visitor identity
� Number of shortcuts to return

MinPath(
�

� � � �

�

� � )
�

� ExpectedSavings(� � �

�

�

�

���  �




� � �	� �

�

� )
Sort

�

by expected page savings
Return the best � shortcuts in

�

Inputs:
� Current page in recursive traversal

�

Trail pre� x (observed page requests)
�

Visitor identity
�

' Trail suf� x (hypothesized pages in traversal)
�

' Probability of suf� x
�

'

$ Length of suf� x
�

'

�

Set of shortcut destinations and their savings

ExpectedSavings(� �

�

�

�

�

�

' �

�

'���$ �

�

)
If ( $�� depth bound) or (

�

' 
 probability threshold)
Return

�

If ( $ 



 )
CurrentSavings �

�

Else
CurrentSavings �

�

'

�

� $ �







If ��� �

�

Add � to
�

with Savings(� ) = CurrentSavings
Else

Savings(� ) � Savings(� ) + CurrentSavings
Trail � concatenate

�

and
�

'

For each link �

� �

���

� probability of following �

� � given Trail and
�

�

�

� concatenate
�

' and �

�

 

�

� ExpectedSavings( �

�

�

�

�

�

�

�

�

�
�

��$ �




�

�

)
Return

�
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given the proposed shortcuts).

A provably optimal solution may require examining all possible setsof � shortcuts on thesite3.

There are �

�

���

such sets on a site with � pages, and for each set, M INPATH must compute the

expected number of links thevisitor will follow given theset of shortcuts. Thenumber of these sets

grows roughly �

� , and the computation for each requires �����

)


 time. Thus, the optimal solution

may requirecomputation timegreatly inexcessof M INPATH or our other proposed, but non-optimal,

approach.

5.2 Predictive models

The key element to M INPATH's success is the predictive model of web usage; in this section, we

describe the models we have implemented and evaluated. The probabilistic model M INPATH uses

must predict thenext web pagerequest � � given atrail pre� x � � � ��������� � ��� �  and thevisitor's identity
�

(the identity can lead to information about past behavior at the site, demographics, etc.):
�

� � �

�

�

� � � � ������� � � ��� �� �

�


 . Of course, amodel may condition thisprobability on only part or even noneof

the available data; weexplore these and other variations in this section. To simplify our discussion,

wede� ne a “sink” page that visitors (implicitly) request when they end their browsing trails. Thus,

the probability
�

� � �

�

� sink � � � �+��������� � ��� �  �

�


 is the probability that the visitor will request no

further pages in this trail. Finally, note that the models are learned of� ine, prior to their use by

M INPATH. To answer our second thesis question in the af� rmative, that is, to enable dynamic

personalizations per page impression, only the evaluation of the model must run in real time.

5.2.1 Unconditional model

The simplest model of web usage predicts the next page request � � without conditioning on any

information. We learn this model by measuring the proportion of requests for each page � on the

site during the training period4:

3In the worst case, all possible sets of � links must be examined. However, more typically, many sets may be
eliminated because the sum of the expected savings of their shortcuts, independently, is less than that of some current-
best set of shortcuts.

4More precisely, throughout our implementation weuse MAP estimates with Dirichlet priors [54], setting � to 4.0.
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�

� � �

�

�




�

number of times � requested
total number of page requests

Weassumethevisitor can view apageonly if it is linked from thecurrent page. Thus M INPATH

forces the probabilities of pages not linked from the current page to be zero and renormalizes the

probabilities of the available links. If the current page is � � � � , then M INPATH calculates:

�

� � �

�

�

� � ��� � 


�

�

�

�

��

�����

���

�	�


���


�����

���

�




� if � ��� �

� � exists

� otherwise

where the �

� are all thepages to which � ��� � links.

Despite having large volumes of training data, we cannot build a model that predicts each and

every page—many pages are requested too infrequently to reliably estimate their probability (al-

though we address this concern directly in Chapter 6). For example, during September 2000, the

UW CSE web site (www. cs. washi ngt on. edu) received 129,000 pagerequestscovering 8,000

unique URLs, but no requests for the remaining 232,000 web pages. Moregenerally, Glassman has

observed that web page requests follow a Zipf-like distribution [51], in which a very small fraction

of the pages receive a very large fraction of the traf� c. So, instead of modeling navigation between

individual pages, wegroup pagestogether to increase their aggregateusagecounts, and replacepage

requests by their corresponding group label (much in the spirit of work by Zukerman et al. [98]).

Speci� cally, weuse thehierarchy that theURL directory structure imposesasahierarchical cluster-

ing of thepages, and select only themost speci� c nodes (theonesclosest to the leaves) that account

for someminimum amount of traf� c, or usage, on thesite. (Thisselection corresponds to apartition

in the set 	 used to model the web site.) The pages below each node share a common URL pre� x,

or stem, that we use as the label of the node. By varying the minimum usage threshold, we select

more or fewer nodes; in Section 5.3, we report how M INPATH's performance is correspondingly

affected.

Figure 5.1 illustrates this idea on a portion of the web site we used to evaluate M INPATH. In

the example, we suppose that 1,000 web requests are made in the / educat i on hierarchy of the

site—pageswhoseURLsbegin with / educat i on. If thethreshold wereset at 15% (150 requests),

then the selected nodes would be cse142, cse143, courses, course-webs.html, and education;
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index.htmlgradcourse�webs.htmlcourses
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cse142 cse143 current.html
200 80

... ...
250

650 200 100 50

1000
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Figure 5.1: Aggregating web usage at URL stems. The URLs are grouped according to their
directory structure. Associated with each node is a count of how often any of the URLs below that
node were requested.

each of these nodes received at least 150 requests5. Note that this process is not simply a cut

through the tree; both leaf nodes and interior nodes are selected. Note, also, that some of the

selected nodes are actual web pages while others are directories that contained many pages and

subdirectories. The stem at each node is the pre� x common to all URLs below the node, and

is formed by concatenating the labels from the root to that node. For example, the stem for the

cse142 node is / educat i on/ cour ses/ cse142/ .

5.2.2 Nä�ve Bayes mixture model

The unconditional model assumes all trails on the site are similar—that a single model is suf� cient

to accurately capture their behavior. Common intuition suggests this assumption is false—different

visitorsproducedifferent trails, and even thesamevisitor may follow different trailsduring separate

visits. As an alternative, we hypothesize that each trail belongs to one (or a distribution) of
�

different clusters, each described by a separate model. We can thus compute the probability of

requesting page � by conditioning on thecluster identity ��� :

5Note, however, that usage at higher nodes excludes lower nodes that are selected: courses is selected because its
usage, exclusive of cse142 and cse143, isstill greater than 150.
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�

� � �

�

�

� � � �+��������� � � � �  


�

�

�

� � �

�

� � �

�

�

� �%�!


�

���%� � � � � ��������� � � � �  
 (5.1)

Theresult isamixturemodel that combines theprobability estimates
�

� � �

�

�

� �%�+
 of the
�

differ-

ent modelsaccording toadistribution over themodels. By Bayes' theorem,
�

����� � � � � ��������� � � � �  
��

�

���%�+


�

��� � �+��������� � ��� �  � �%�!
 . To calculate
�

��� � �+��������� � ��� �  � �%� 
 , we make the Nä�ve Bayes as-

sumption that pagerequests in thetrail areindependent given thecluster, thus:
�

��� � �+��������� � ��� �  � �%�!


�

�


 � ������� � � �

�

� � 
 � �%�!
 . The resulting model is a Na�̈ve Bayes mixture model (similar to those used in

AUTOCLASS [26]) for which we learn the model parameters
�

� � �

�

�

� �%�+
 and the cluster assign-

ment probabilities
�

��� �!
 using the EM algorithm [34].

The mixture model uses the probabilities
�

��� � � � � � ������� � � ��� �� 
 as a “soft” assignment of the

trail to the cluster—each cluster � � contributes fractionally to the sum in Equation 5.1. Alterna-

tively, we may use a “hard” assignment of the trail to the most probable cluster, ��� . We explore

both of these possibilities in Section 5.3. The value of
�

may be � xed in advance, or found us-

ing holdout data. For each value of
�

, we compute the likelihood of the holdout data given the

previously learned model, and choose the
�

that maximizes the holdout likelihood.

An additional piece of information useful when selecting the cluster assignment is the visitor's

identity, which we can incorporate by conditioning Equation 5.1 on
�

. If we assume that page

requests are independent of the visitor given the cluster, then the only change to the right side of

Equation 5.1 is that
�

��� �!
 becomes
�

��� � �

�


 . Unlike an individual trail, a visitor's behavior may

not be well represented by any single model in the mixture because the same visitor will behave

differently when seeking different information goals6. Thus, we represent a visitor as a mixture of

models, and estimate the
�

��� � �

�


 as the proportion of the visitor's history that is predicted by ��� .

Speci� cally, let �

� �

�

�����������

�
	

� betheset of � trails thevisitor hasproduced on thesiteprevious

to the current visit, and
�

�

�

� � �%�+
 the probability that cluster � � produced trail
�

� ; then

�

���%� �

�




�

	

�

�
�

�

�

�

�

� � �%�+


�

�

6This assumption depends on how the cluster models are learned. We could either cluster individual trails, or cluster
visitors but train the models on the visitors' sets of past browsing trails. We have experimented with both approaches
and found the former yielded the best results.
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5.2.3 Markov models

Both the unconditional and Nä�ve Bayes mixture models ignore a key piece of information from

the web accesses: the sequential nature of the page trails. A � rst-order Markov model, on the other

hand, incorporates this information by conditioning the probability of the next page on the current

page:
�

� � �

�

�

� � ��� � 
 . The Markov model is trained by counting the transitions from pages � ��� �

to � � in the training data, and by counting how often each page appears as the initial request in a

trail. As before, we replaced the URLs of page requests with URL stems to increase the volume

of relevant training data. The need for this transformation is even greater for the Markov model

because it has quadratically more probability values to estimate than the unconditional model, and

theevents (the links � ��� �

�

� � ) are more rare.

We experimented with � rst- and second-order Markov models (
�

� � �

�

�

� � ��� ��
 and
�

� � �

�

�

� � ��� ��� � ������
 ), and with using amixtureof Markov models[24]. WeusethesameEM-based method

to build these mixtures as wedid to learn the Nä�ve Bayes mixture model.

5.2.4 Positional and Markov/Positional models

In addition to conditioning theprobability on the last requested page, wealso consider conditioning

on the ordinal position of the request in the visitor's trail:
�

� � �

�

�

�

�


 or
�

� � �

�

�

�

�

� � ��� ��
 .

Effectively, this model is equivalent to training a separate model (either unconditional or Markov)

for each position in the trail (although, for practical purposes, wetreat all positions after some limit
�

as the same position). Visual inspection of the training trails led us to hypothesize that these

models may better predict behavior, although conditioning on the additional information increases

theamount of training data necessary to properly � t the model.

5.3 Results

WeevaluateM INPATH'sperformanceon usageat our homeinstitution'sweb sitebased on datafrom

September 2000 and February 2002. The September 2000 data produced a training set of 35,212

trails (approximately 20 days of web usage) and a test set of 2,500 trails (approximately 1.5 days

of usage); the time period from which the test trails were drawn occurred strictly after the training

period. During the training and testing periods, 11,981 unique pages were requested from the total
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population of 243,119 unique URLsat the site. The February 2002 data produced 154,724 training

trails in the� rst threeweeksof themonth and 2,500 test trailschosen uniformly from thetrails in the

last week. We consider only those trails with link length at least two, because shorter trails cannot

be improved. Weset M INPATH's link depth bound to 8 and probability threshold to 


�

��� ; in all our

experiments the probability threshold proved to be the tighter constraint.

We measure M INPATH's performance by the number of links a visitor must follow to reach the

end of the trail. We estimate visitor behavior when provided shortcuts by making two simplifying

assumptions. First, weassume that, when presented with oneor moreshortcuts that lead to destina-

tionsalong thevisitor's trail, thevisitor will select theshortcut that leadsfarthest along thetrail (i.e.,

thevisitor greedily selects theapparently best shortcut). Second, when no shortcuts lead to pages in

thevisitor's trail, thevisitor will follow thenext link in the trail (i.e., thevisitor will not erroneously

follow a shortcut). Note, � nally, that M INPATH places shortcuts on each page the visitor requests,

and so the visitor may follow multiple shortcut links along asingle trail.

Without shortcuts, the average length of trails in the September 2000 test set is 3.42 links and

3.33 for the February 2002 test set. Given an oracle that could predict the exact destination of the

visitor's current trail, M INPATH could reduce the trail to exactly one link. The difference between

the unmodi� ed length (3.42 or 3.33) and one link is the range of savings M INPATH can offer web

visitors.

We � rst explore the relationship between the minimum URL usage threshold and the perfor-

mance of M INPATH. Using the February 2002 data, we compare thresholds between 5% (which

produces 10 URL stems) and 0.005% (which produces 3,216 stems) and all pages visited more

than once (minimum, yielding 21,140 stems) when learning a mixture of � rst-order Markov mod-

els. Figure 5.2 shows these results. Thegeneral trend is that � ner-grained models (i.e., lower usage

threshold and thus moreURL stems) lead to improved M INPATH performance, although the differ-

ences in performance between thresholds less than 0.05% are very small. In the September 2000

experiments weadopted a0.025% threshold; for the February 2002 data, wechose 0.010%7.

We next compared M INPATH's performance when using a variety of models (see Figure 5.3).

The � rst column shows the number of links followed in the unmodi� ed site (from the September

7We chose the lower threshold for the February data because we had more training data available.
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Figure 5.2: Varying threshold of URL stem usage. All series depict a � rst-order Markov model
and adding threeshortcuts per page. Theseries range from 0.0% minimum usage threshold (21,140
stems) to 5% (10 stems). The series are grouped by the number of clusters in the mixture. Error
bars denote 95% con� dence intervals. Results based on February 2002 data set.

2000 data). In the second and third sets of columns, M INPATH uses, respectively, an unconditional

and Markov model and produces 1, 3, or 5 shortcuts. In the last two sets, M INPATH uses mixture

models of either 10 or 25 clusters, and selects the distribution of the models in the mixtures based

on only the current trail pre� x (ignoring past visitor behavior). These graphs demonstrate � rst

that M INPATH does reduce the number of links visitors must follow: when using a mixture of

Markov models and suggesting just three shortcuts, M INPATH saves 0.97 links, which is 40% of

the possible savings. Second, we see that the Markov model, by conditioning on the sequence

information, outperforms the unconditional model substantially—three shortcuts suggested with

the Markov model are better than � ve shortcuts found with the unconditional model. Third, these

results indicate that mixturemodelsprovide aslight advantage over thecorresponding single model

(for example, 2.72 for the Nä�ve Bayes mixture model versus 2.75 for the unconditional model).

Wecomputed theaverage of thedifference in trail length between thesingle model and themixture



58

2.06

2.37

2.06

1.84
1.96

2.05

2.72

2.52

2.23 2.25 2.26

0.00

0.50

1.00

1.50

2.00

2.50

3.00

A
ve

ra
g

e 
n

u
m

b
er

 o
f 

lin
ks

 p
er

 t
ra

il

Unmodified Unconditional
model

Markov
model

Naïve Bayes
mixture model

Mixture of
Markov models

1 shortcut

3 shortcuts

5 shortcuts

0 shortcuts

10 10 2525

Figure5.3: M I NPATH ' sper formance(September 2000). Each column showstheaveragenumber
of links followed in a trail. The mixture model columns are annotated with the number of clusters.
All error-bars denote 95% con� dence intervals.

model for each test trail, and found thegainsaresigni� cant at the5% level (i.e., the95% con� dence

interval of the mean of the difference between the models lies completely above zero). Finally, we

found that thedifferences between 10 and 25 clusters in themixture are not statistically signi� cant.

Figure5.4 showsacomparison of M INPATH's performance with arangeof mixturemodel sizes

on the February 2002 data. We found no signi� cant difference based on the number of clusters, but

this result could beexplained by oneof two reasons. First, if a test trail isproduced by avisitor who

has not previously browsed the site, then M INPATH will use mixture model weights following the

class priors. That is, all test trails produced by � rst-time visitors will be predicted using the same

combination of mixture components, which is equivalent to a single model whose transition matrix

and initial state vector is an interpolation of the mixture components. Thus, additional mixture

components may not help, because M INPATH has no insight on how to select the right component

for the � rst-time visitor.
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Figure 5.4: Varying number of clusters. M INPATH's performance suggesting three shortcuts per
pageand using amixtureof � rst-order Markov models. Error barsdenote95% con� dence intervals;
results taken from February 2002 data.

A second explanation is that a single � rst-order Markov model can encode the behavior of sev-

eral potentially very different groups of users. For example, users in cluster � � may frequently

follow the trail � �	��� ����� ���� , and users in � � follow � � )!� ����� ���  . A single � rst-order Markov model

can predict navigation for both clusters with thesameaccuracy as two separate models, because the

relevant entries in the transition matrix for the two trails share no common source or destination

pages. We call such clusters of users non-overlapping, as their behavior does not “overlap” in the

site. For our purposes, con� ating non-overlapping models isnot detrimental—all that M INPATH re-

quires is reasonable predictive accuracy. However, tools that visualize communities of users based

on their browsing, such as WebCANVAS [24], must separate these clusters into separate models.

WebCANVAS separates non-overlapping clusters by allowing only one state in the Markov model

to have non-zero initial probability. Thus, each model effectively predicts sequences that all begin

with the same page request, and then perhaps diverge. We implemented the WebCANVAS split-

ting approach, as well as an alternative cluster-splitting approach of our design, to verify that the
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predictive behavior of the con� ated model was not worse than the split models. In our method of

splitting con� ated models, we separate non-overlapping components as a post-modeling step. We

build agraph from the� rst-order Markov model's transition matrix, in which thereisanodefor each

model state and an edge between states (nodes) if the transition probability between them isgreater

than some threshold � . We then separate the connected components in this graph and build sepa-

rate � rst-order Markov models for each component. This approach seemed to perform well—each

model appeared to display only asinglebehavioral cluster—but wedid not explore thisapproach in

detail, as it does not improve predictive accuracy (and, hence, isnot useful for M INPATH).

Finally, we note that the results of Figure 5.4 do not contradict our � nding that a mixture of

Markov models was best for the September 2000 data. The URL granularity of the February 2002

data was � ner, allowing the Markov model to separate transition probabilities that would have been

con� ated in the September 2000 models. In the September 2000 models, because more pages are

grouped together in the same URL stem, differences in behavior among those pages are lost in a

single Markov model.

In Figure5.5, wecompare methods for selecting themixture distribution for a trail pre� x, using

mixtures of 10 models. Each group of columns shows a different combination of model and as-

signment type (hard or soft). In each group, we in turn condition the assignment on no information

(i.e., weuseauniform distribution for thesoft assignment and random selection for thehard assign-

ment), the visitor's past trails, the visitor's current trail, and both the past and current trails. Our

� rst conclusion is that soft assignment is a better choice for both mixture models (signi� cant at the

5% level). Second, both past trails and the current trail pre� x help M INPATH select an appropriate

assignment to the cluster models. However, the combination of both features is not signi� cantly

better than using just the current trail pre� x with the Nä�ve Bayes mixture model, and does slightly

worsethan just thecurrent trail with themixtureof Markov models. Thisresult issomewhat surpris-

ing; wehad expected, especially when thepre� x isshort, that thepast trailswould provide valuable

information. Apparently, however, even the � rst one or two page requests in a trail are suf� cient to

assign it to the appropriate clusters. It would be interesting to investigate if this result remains true

for larger sites.

Our last variation of model conditions the probability on the ordinal position of the page re-

quest in the trail. We compared the unconditional and Markov models against positional and
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Figure 5.5: Varying model assignment strategy. Each of the four series represents a different
model assignment strategy. Results drawn from September 2000 data.

Markov/positional models, choosing several values of the maximum number of distinct positions
�

. Figure 5.6 shows these results for values of
�

ranging from 0 (i.e., a non-positional model)

through 10. Theextrapositional information improves theperformance of theunconditional model,

signi� cantly at the 5% level, but does not substantially improve the Markov model.

Inhisthesis, Perkowitzproposed analternativemethod for � ndingshortcuts [79]. Inhismemory-

based approach, for each page
�

viewed on the site, the personalizer records how often every other

page
�

not directly linked from
�

is viewed after
�

in some trail. Effectively, this approach esti-

mates the probability that avisitor at
�

will eventually view
�

, given that
�

�

�

does not exist, by

counting how often this event has occurred in the training data. When page
�

is requested in the

future, the shortcuts are the top � most-requested pages
�

. Note that, typically, the destinations

with the highest probabilities will be exactly two links from
�

, because navigation to any further
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Figure 5.6: Varying length of positional models. Positional length zero corresponds to the non-
positional model (either unconditional or � rst-order Markov). Results from February 2002 data.

destinations will vary rarely be more likely than navigation to the closer page8. As a consequence,

theseshortcutsusually saveonly onelink, but typically lead down different trails in thesite, because

only one destination along agiven trail is link length two from
�

.

M INPATH also estimates theprobabilities of reaching any given
�

from
�

, but does so by com-

posing thepage transition probabilities along atrail through thesite. Theadvantageof our approach

is that it reduces data sparseness, although at the expense of making a � rst-order assumption9 that

may not hold in practice. M INPATH can also require far less storage than the memory-based ap-

proach: the � rst-order Markov models need space linear in the number of visited links in the site,

but the memory-based approach requires space linear in the number of visited trails—typically far

larger than the number of links.

Figure 5.7 compares M INPATH using � rst-order Markov models with the memory-based ap-

proach for arangeof shortcuts shown on each page. Wefound that thememory-based approach and

8Navigation to a distant � may be more likely than to a closer page only when there are multiple paths through the
site, through different interim pages, that all reach � .

9Or, a second-order assumption, if M INPATH uses a second-order Markov model, etc.
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Figure 5.7: Compar ing M I NPATH and memory-based approach. The Markov models group
URLs together at the 0.010% threshold. The difference between the memory-based approach and
the M INPATH runs are signi� cant for three, four, and � ve shortcuts. Results from February 2002
data.

M INPATH performed approximately equivalently when suggesting only one or two shortcuts per

page, but, as we expected, the memory-based approach takes better advantage of the larger num-

ber of shortcuts to suggest per page. Note, also, that the unmodi� ed trail length is already rather

small (3.33 in the February 2002 data) so the memory-based approach is not particularly disadvan-

taged by suggesting shortcuts saving only one link. When we restricted our test to trails that are

much longer (for instance, aminimum of 10 links), M INPATH seemed to perform much better than

the memory-based approach (although, we have insuf� cient trails to measure this difference with

statistical signi� cance).

An advantage that M INPATH has over Perkowitz's approach is that M INPATH admits a more

versatile selection of shortcuts. For example, M INPATH can calculate the expected savings of each

shortcut given theexistenceof theother shortcutsadded to therequested page. Perkowitz'sapproach

cannot take advantage of this conditional information, because it derives its recommendations di-

rectly from the original usage data. In addition, although the memory-based approach is limited



64

to predicting only previously-observed destinations, we will present a model of navigation in the

next chapter that can predict behavior at previously unseen pages. M INPATH takesadvantageof this

model to offer shortcuts to destinations that are novel in the testing data.

We � nally note that M INPATH's running time is quite small. The models M INPATH uses are

learned of� ine, but the process usually requires only several minutes. Given a model and the trail

pre� x, M INPATH � nds a set of shortcuts in 0.65 seconds on an average desktop PC. This delay

is more than fast enough for delivering content to wireless web clients, and we are con� dent that

with judicious code optimization it could be reduced to below one-tenth of a second. Additionally,

by changing the depth bound and probability threshold that limit the recursion in the M INPATH

algorithm, wecan directly trade off computation time for shortcut accuracy.

5.3.1 Discussion

Themodels M INPATH useshaveafew weaknesses, however. First, despitehaving perhaps millions

of training examples, these models cannot learn reliable transition probabilities at the page-level—

thenumber of probabilities to estimate ismore than theavailable training datacan allow. Moreover,

web requests follow aZipf-likedistribution [51], so avery small set of pagesreceivesan overwhelm-

ing majority of the traf� c and most pages are visited infrequently. M INPATH lessens this dif� culty

by grouping web pages by their common URL stems, but this heuristic is the second weakness: it

fails to capture thesemantic relationsamong theweb pages. If two pagesexist in thesamedirectory,

they are related (for example, an exam review page and a course assignment page), but perhaps not

as closely related as some pages from different directories (for example, exam review pages from

all previous offerings of that course). In the next chapter, we describe an approach that addresses

both these weaknesses, by incorporating the relational structure of a web site into a Markov model

of navigation.

5.4 Summary

This chapter presented our M INPATH algorithm for ef� ciently � nding high-quality shortcut links.

Our experimentsshow that M INPATH can behighly effectiveat improving navigation in sites, which

is bene� cial for wireless and desktop web visitors alike. We explored several predictive models of
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web usage, evaluated how they perform with M INPATH, and found that amixtureof Markov models

worked best.
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Chapter 6

RELATIONAL MARK OV MODELS

At the end of the last chapter we highlighted two main weaknesses of the probabilistic models

used with M INPATH: the models have insuf� cient data for reliably learning page-grained accesses,

and the models ignore the relational structure of the site, which may be of value. These criticisms

apply broadly to many probabilistic models and applications, not just Markov models predicting

web navigation. In this chapter, we present a novel technique for endowing Markov models with

relational structure, thus producing relational Markov models (RMMs). We evaluate RMMs and

traditional Markov models for predicting navigation in several web sites, and compare their effec-

tiveness in � nding shortcut links with M INPATH1.

In the next section we brie� y review how probabilistic models are used to model sequential

processes. Section 6.2 introduces our relational Markov model approach and describes learning and

inference in these models in detail. Wecompare relational Markov models with traditional Markov

models in Section 6.4 and conclude with a brief survey of probabilistic models in Section 6.5 and

summary in Section 6.6.

6.1 Background on probabilistic models

Markov models [85] are widely used to model sequential processes, and have achieved many prac-

tical successes in areas such asweb log mining, computational biology, speech recognition, natural

language processing, robotics, and fault diagnosis. However, Markov models are quite limited as

a representation language, because their notion of state lacks the structure that exists in most real-

world domains. A � rst-order Markov model contains a single variable, the state, and speci� es

the probability of each state and of transiting from one state to another. Hidden Markov models

1Material in this chapter also appears in the 8th International Conference on Knowledge Discovery and Data Min-
ing [5].
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(HMMs) contain two variables: the (hidden) state and the observation. In addition to the transition

probabilities, HMMsspecify the probability of making each observation in each state. Because the

number of parameters of a � rst-order Markov model isquadratic in thenumber of states (and higher

for higher-order models), learning Markov models is feasible only in relatively small state spaces.

This requirement makes them unsuitable for many data mining applications, which are concerned

with very large state spaces.

Dynamic Bayesian networks (DBNs) generalize Markov models by allowing states to have in-

ternal structure [93]. In a DBN, a state is represented by a set of variables, which can depend on

each other and on variables in previous states. If the dependency structure is suf� ciently sparse,

it is possible to successfully learn and reason about much larger state spaces than using Markov

models. However, DBNs are still limited, because they assume that all states are described by the

samevariables with thesamedependencies. In many applications, statesnaturally fall into different

classes, each described by a different set of variables. For example, a web site can be viewed as a

state space where each page is a state and each hyperlink is a possible transition. Classes of pages

for an e-commerce site include: product descriptions, shopping carts, main gateway, etc. Variables

associated with aproduct description page might be the product-id, the price, the quantity on hand,

etc. Variables associated with a shopping cart page include the customer's name, the shopping cart

ID, any relevant coupons, etc. These variables can help predict a user's navigational patterns, but

it clearly would make no sense to associate a price with the site's gateway page or a credit card

number with a product description page.

Examples of multiple state classes from other areas include:

Speech and language processing. Parts of speech (e.g., only verbs have tense), semantic contexts

(e.g., asking about � ights versus asking about hotels), types of discourse, etc.

Mobile robotics. Typesof location (e.g., indoors/outdoors, of� ces, laboratories, bedrooms, etc.).

Computational biology. Components of metabolic pathways, regions of DNA, protein structures,

etc.

Process control. Stages of amanufacturing process, machine types, intermediate products, etc.
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Fault diagnosis. Fault states associated with different subsystems, each with adifferent set of sen-

sor readings, etc.

This chapter proposes relational Markov models (RMMs), a generalization of Markov models

that allows states to beof different types, with adifferent set of variables associated with each type.

In an RMM, aset of similar states is represented by apredicate or relation, with thestate'svariables

corresponding to the arguments of the predicate. The domain of each argument can in turn have

a hierarchical structure, over which shrinkage is carried out [69]. RMMs compute the probability

of a transition as a function of the source and destination predicates and their arguments. RMMs

are an example of a relational probabilistic representation, combining elements of probability and

predicate calculus. Other representations of this type include probabilistic relational models [47],

probabilistic logic programs [76] and stochastic logic programs [75].

Weexpect RMMsto beparticularly useful in applications that combine low-level and high-level

information, such asplan recognition from low-level actions, or speech recognition aided by natural

language processing. An example of the former is inferring information-seeking goals of web site

users from thesequenceof links they follow. Doing this inferencemakes it possible to automatically

adapt web sites for different users, and as a result, to minimize users' effort in reaching their goals.

RMMs are able to predict user behavior even in web sites (or parts thereof) that the user has never

visited before, and are thus potentially much more broadly useful than previous approaches to web

log mining, including traditional Markov models.

6.2 Relational Markov models

Recall that a Markov model is a model of a discrete system that evolves by randomly moving

from one state to another at each time step. A � rst-order Markov model is a model of such a

system that assumes the probability distribution over the next state only depends on the current

state (and not on previous ones). Let
���

be the system's state at time step
�

. Formally, a � rst-

order Markov model is a triple �

�

�

�

��� 
 , where:
�

� �

�

���

�

� ���������

�

� � is a set of states;
�

is the

transition probability matrix, where , � 


�

�

�

���

�

�


 �

���

� �

�

�

��
 is theprobability of transiting from

state �

� to state �


 , assumed the same for all
�

# � ; and � is the initial probability vector, where

� �

�

�

�

�

�

�

�

��
 is the probability that the initial state is �

� . Given a � rst-order Markov model,
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. . .
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checkout.html

Figure 6.1: Propositional Markov model for an e-commerce site. Each box is a PMM state,
representing a page in the site. Arrows indicate possible transitions in the PMM, and correspond to
hyperlinks in the site.
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MainEntryPage() CheckoutPage()ProductPage(Product, StockLevel)

Figure 6.2: Corresponding relational Markov model. Each shaded box isa page/state, and states
areare grouped (in rounded-corner boxes) by their relations.
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 . Given aset of observed sequences, themaximum-

likelihood estimate of an initial probability � � is the fraction of sequences that start in state �

� , and

the maximum-likelihood estimate of a transition probability , � 
 is the fraction of visits to �

� that

are immediately followed by a transition to �


 . In an � th order Markov model, the probability of

transiting to a given state depends on the � previous states, and the transition matrix is ��� �





 th-

dimensional. We refer to Markov models of any order de� ned in this way as propositional Markov

models (PMMs).

Relational Markov models (RMMs) are obtained from the propositional variety by imposing a

relational structure on the set of states. For example, consider a Markov model of an e-commerce
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web site, in which each page is a state. A PMM would have a unique “proposition” for each

page/state: for the main entry page, for each product description page, for the checkout page, etc.

(see Figure 6.1). In a PMM each state is an atomic entity, and there is no notion of types of states.

In contrast, an RMM groups pages of the same type into relations, with each relation described

by its own set of variables (see Figure 6.2). For example, one relation might be “product descrip-

tion page,” with avariable “product” representing theproduct thepage describes, and “stock level”

representing whether the product is in stock or on back order. Additionally, these variables them-

selves are grouped together, forming a hierarchy of values; Figure 6.3 shows a fragment of such

a hierarchy for products at an e-commerce site. A state instance is thus uniquely described as a

tuple in a relation instantiated with leaf values from each variable's domain hierarchy. For exam-

ple, ProductPage(iMac, in stock) would represent the page describing an iMac computer that is

currently in stock at the site's warehouse. Moreover, a tuple using non-leaf values is possible and

corresponds to an abstraction—a distinguished set of states that are similar to each other in the

sense that they have the same type and their arguments belong to the same sub-trees in the domain

hierarchies. RMMs leverage these state abstractions for much richer learning and inference than

PMMs, and make useful prediction possible in very large state spaces, where many (or most) of

the states are never observed in the training data. In this paper, we focus on � rst-order2 RMMs,

but our treatment is readily generalizable to RMMs of any order. The next subsections describe

representation, learning, and inference in � rst-order RMMs.

6.2.1 Representation

Formally, an RMM is a � ve-tuple � � �

�

�

�

�

�

���  . � is a set of domains, where each domain,

� � � , isa treerepresenting an abstraction hierarchy of values. Each leaf of � represents aground

value. � is a set of relations, such that each argument of each relation takes values from the nodes

of a single domain in � .
�

is a set of states, each of which is a ground instance of one of the

relations in � , i.e., where each argument is instantiated with a leaf of thecorresponding domain.
�

(the transition probability matrix) and � (the initial probability vector) are the same as in a PMM.

2ªFirst-orderº issometimesused in theliteratureto mean thesameasªrelationalº or ªpredicate-level,º in opposition to
ªpropositional.º In thispaper weuseit in theMarkov sense, to denote theassumption that futurestatesare independent
of past states given the present state.
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AllStockLevels

backorderin_stock

StockLevel
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AllDesktops
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AllPDAs
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... m505 ... iPaq3765... ... dimension4100... ... iMac... ...

DellDesktops AppleDesktopsCompaqPDAsPalmPDAs

AllComputers ......

AllProducts
Product

Figure 6.3: Abstraction hierarchy of products. Leaves in the tree represent ground values, while
internal nodes denote categories of related values.

To continue our simpli� ed e-commerce example, suppose that � contains abstrac-

tion hierarchies for Products and StockLevels as shown in Figure 6.3. � is the

set � MainEntryPage(), ProductPage(Product,StockLevel) CheckoutPage() � , where

ProductPage(Product,StockLevel) speci� es that the � rst and second arguments of the

ProductPage relation must come from the Product and StockLevel domains, respectively.
�

consists of several states, one of which isProductPage(iMac, in stock).

Wenow show how to use therelations and domain abstraction hierarchies to de� nesetsof states

asabstractionsover
�

. Theseabstractionsaredistinguished setsof stateswhosemembersaresimilar

toeach other by virtueof their relationsand parameter values. That is, stateswhoseparameter values

are in common subtreesof their respective domainswill appear in many abstractions together, while

states with very different parameter values (or belonging to different relations) will appear together

in only the most general abstractions.

Wede� netheseabstraction setsby instantiating arelation, � , with interior nodes(instead of just

leaf nodes) from the domains of � 's arguments. More formally, Let nodes( � ) denote the nodes

of a domain � . If � is a node in domain � , then let leaves( � ) denote the leaves of � that are
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MainEntryPage()

MainEntryPage()

. . .

Product(AllProducts, in_stock)

ProductPage(AllProducts, AllStocklevels)

ProductPage(AllProducts, backorder)

ProductPage(dimension4100, in_stock)

ProductPage(iMac, in_stock)

CheckoutPage()

ProductPage(m505, backorder)

CheckoutPage()

Figure 6.4: State abstractions for the relational Markov model. The hierarchy of Figure 6.3
de� nes abstractions over the RMM of Figure 6.2; the abstractions are depicted as rounded-corner
boxes, labeled with their relations and arguments, and surrounding their ground states.

descendants of � . Let � �

� bea
�

-ary relation with domains �
�

������������� . Let �
�

��������� � � benodes

in the corresponding domains. We de� ne the state abstraction corresponding to ��� � ����������� � � 
 to

be the following subset of
�

.

�

����� ��������� ��� �+
 �

�

��� � � leaves( ��� ) �

� �

�







�




�

�

For example, given the domain trees shown earlier, Figure 6.4 shows several abstractions for

the e-commerce RMM. Note that the abstraction ProductPage(AllProducts,in stock) is the set of

two ground states: � ProductPage(iMac,in stock), ProductPage(dimension4100,in stock) � .

Given a particular state �

�

�

, it is especially interesting to know all the abstractions of which
� is a member. Without loss of generality, suppose that �

�

������������������� �!
 and the domains of

� 's arguments are � ��������� ����� . We then de� ne the set of abstractions of � , written � �

�


 , as the

following subset of the power set of
�

:

�

��� � ����������� � �!
��

�

� ��� � nodes( � � ) ��� � � leaves( ��� ) �

� �

�







�




�

� (6.1)

For unary relationsthereisatotal order on � �

�


 , from themost speci� c ( �

�

� ) to themost general

(
�

). For � -ary relations, there is a partial order on � �

�


 (i.e., � �

�


 forms a lattice of abstractions).
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Product(AllProducts, in_stock)

Product(AllProducts, AllStockLevels)

Product(AllDesktops, AllStockLevels)

Product(AppleDesktops, AllStockLevels)Product(AllDesktops, in_stock)

Product(AppleDesktops, in_stock) Product(iMac, AllStockLevels)

Product(iMac, in_stock)

Product(AllComputers, in_stock)

Product(AllComputers, AllStockLevels)

Figure6.5: A latticeof abstractions. Boxesrepresent abstractions and arrowspoint in thedirection
of more general abstractions. These particular abstractions form the lattice for the ground state
Product(iMac, in stock).

For example, the abstractions of Product(iMac, in stock) are shown in Figure 6.5, where arrows

point in thedirection of increasing generality. Finally, the rank of an abstraction �

�

��� � ����������� ���+


is de� ned as 


�




�

�

depth( ��� ), where depth() is de� ned as the depth of a node in a tree (with the

root being at depth zero). The rank of
�

(the most-general abstraction) is de� ned to be zero, and

ranks increase asabstractions become morespeci� c.

In the case of � nite domains, RMMs are no more expressive than PMMs; given an RMM,

an equivalent PMM can be obtained simply by creating a proposition for each tuple in
�

. The

advantage of RMMs lies in the additional support for learning and inference that the relational

structure provides, asdescribed in thenext subsection.

6.2.2 Learning and inference

In PMMs, theonly possible learning consistsof estimating thetransition probabilities , � 
 and initial

probabilities �
� , and these estimates can be done reliably only for states that occur frequently in the

training data. In many cases (e.g., when modeling a user of a large web site), most states are not
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observed in thetraining data, but it isstill possible to generalizeusefully from theobserved behavior

to unseen states. RMMsprovide a formal framework for doing this generalization.

For each possible state abstraction � , we can de� ne the corresponding initial probability ���

as the probability that the initial state is an element of � : ���

�




�

��� �

� � . Similarly, for each

pair of state abstractions � � �

�


 we can de� ne the corresponding transition probability , �

	 � as the

probability of transiting from astate in � to any state in
�

:

, �

	 � �

�

�

���
�

�	

�
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� � � 
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�

�

, � 
�� 


where
�

�

�

� � � 
 is the probability that the current state is �

� given that the current state is a mem-

ber of � . The abstraction transition probabilities ,
�

	 � can be estimated directly from the training

data by counting. By making suitable simplifying assumptions, they can then be used to estimate

the probabilities of transitions that are absent from the data. For example, if we assume that the

destination state �

) is independent of the source state �

' given the destination abstraction
�

, then

,
'

)

�

,
�

	 �
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�
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) �

�


 , where � is the source abstraction.
�
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) �
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 �

�

�

� , where �

�

� is the number of states in abstraction
�

. To make maximum use of all

the available information, wepropose to use amixture model for each transition probability:
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 (6.2)

where the sum is over all abstractions of the source and destination states, and the
�

�

	 � 's are non-

negative mixing coef� cients that sum to 1. The generative model implicit in Equation 6.2 is that, to

generate a transition, we � rst choose a pair of abstraction levels � � �

�


 with probability
�

�

	 � , and

then move to destination state �

) with probability ,
�

	 �

�

�

�

) �

�


 . Effectively, this model performs

shrinkage between the estimates at all levels of abstraction. Shrinkage is a statistical technique for

reducing thevarianceof anestimateby averaging it withestimatesfor larger populations that include

the target one [69]. Equation 6.2 applies shrinkage across an entire abstraction lattice, rather than

over a single abstraction path (as is more usual). For example, a forecast of the number of Apple
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iMacs sold at a given store can be shrunk toward a more reliable forecast for the average of this

quantity at all stores in the same city as the store of interest. The comparative values for the
�

�

	 � 's

effectively trade off bias and variance in the probability estimate. Terms corresponding to more

general abstractions have lower variance, because they are estimated with more training data, but

have a larger bias than terms from more speci� c abstractions. Thus, good shrinkage weights have

two desirable properties: (1) they reduce the in� uence of abstractions with very little data; and (2)

they allow increasingly speci� c abstractions to dominate as the training set size grows, with the

RMM reducing to a PMM in the in� nite-data limit. The mixing coef� cients
�

�

	 � can be estimated

in anumber of ways, corresponding to different variations of our system:

� RMM-uniform: Uniformly (i.e., all
�

�

	 � 's are equal). This approach has the advantage of

being extremely fast, but may lead to poor results.

� RMM-EM: Using the EM algorithm, as described in McCallum et al. [69]. In preliminary

evaluation this option performed poorly, due to insuf� cient training data, so we did not eval-

uate it further.

� RMM-rank: Using aheuristic scheme based on the rank of the abstraction. In particular, we

experimented with the following method:

�

�

�

���

�
�

�

���

Rank �

�

�

� Rank �

�

�

(6.3)

where �
�

� is the number of times that a transition from astate in � to astate in
�

could have

occurred in the data (i.e., the number of visits to astate �

� � � to which a transition to a state
�


 �

�

is possible),
�

is a design parameter, and the proportionality constant is derived from

the requirement that the
�

�

� 's sum to 1. This heuristic meets our desiderata for the weights,

although many other variationsarepossible. Thechoiceof
�

controlshow much datamust be

seen at agiven abstraction level beforethat level can haveasigni� cant weight; when �
�

�

"

�

,

�

�

�

� � . In experiments with validation data, wehave found that setting
�

� 


� works well

in practice.
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The size of the abstraction lattices, and hence the number of terms in Equation 6.2, increases

exponentially with the arity of the source and destination relations. Thus, when these arities are

large, and/or when the abstraction hierarchies are deep, it may not be practical to compute all the

termsin Equation 6.2. Instead, wecan select themoreinformativeones, and set themixtureweights

of the rest to zero (thus ignoring them). An ef� cient way of doing this culling is to learn a decision

tree with the destination abstraction as the class, and the arguments of the source relation as the

attributes. We will not use the decision tree for prediction directly, but rather take advantage of its

learning machinery for selecting attributes with high information gain. Each node along the path in

the tree that the source state follows corresponds to an � � �

�


 pair that will have a non-zero weight

in Equation 6.2. These weights can then be chosen using any of the methods suggested earlier; this

approach issimply selecting which termswill have non-zero weight.

More precisely, we learn a probability estimation tree or PET [84], because the goal is to esti-

mate the probability of each destination abstraction, rather than simply predicting the most likely

destination. Any set of abstractions that form a partition of the destination states can in principle

be used as the class. In this paper, we consider only the highest level of abstraction—the relation

��) �

� of the destination state. We learn aPET for each source relation separately. The candidate

attributes include each argument of the source relation at each level of its domain hierarchy; thus,

a
�

-ary relation each of whose arguments has � abstraction levels yields
�

� attributes. Figure 6.6

showsan example of such aPET.

To select the most informative terms in Equation 6.2 for a given source state, we consider the

path the state goes down in the PET. Each node in the path has an associated probability distribu-

tion over destination abstractions (shown in Figure 6.6 in dashed-line boxes for a few nodes), and

corresponds to a set of ,
�

	 � terms in Equation 6.2, one for each destination abstraction. The �

corresponds to the decisions made from the root to the node, and
�

belongs to the set of abstrac-

tions that the PET predicts. For example, the highlighted leaf node in Figure 6.6 corresponds to the

source abstraction ProductPage(AppleDesktops, in stock) and (like all other nodes in the tree)

includes destination abstractions MainEntry(), ProductPage(AllProducts, AllStockLevels), and

Checkout. The termsgathered from all thenodesalong thepath to the leaf arecombined according

to Equation 6.2, with theshrinkagecoef� cientscomputed using any of themethodsdescribed above.

Weevaluated all threemethods, and call thesevariantsRMM-PET-uniform, RMM-PET-EM, and
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RMM-PET-rank. Using EM is possible with the PET approach, because, unlike earlier, we are

predicting the destination relation, and not more speci� c abstractions. Thus, there is suf� cient data

to perform EM reliably.

More generally, we could build multiple PETs, each one estimating transitions to a different

partition of the states; thus, the source state would follow multiple paths, one in each PET. For

example, one PET would predict the destination relation, another would predict the destination at a

lower level of abstraction (for instance, therelation and onevariable'sground value), etc. Theterms

collected from all thePETswould then becombined according to Equation 6.2.

In practice, in large state spaces it is often the case that only a fraction of the states are directly

reachable from a given state. For example, on a web site only the pages that the current page links

to are directly reachable from it. In this case, the
�

�

�

) �

�


 terms in Equation 6.2 can be replaced by

terms that also condition on the knowledge of the set of states � � � 
 that are directly reachable from
�

' . For states that are not reachable from �

' ,
�

�

�

) �

�

��� � � 
�


�

� . For states that are reachable from
�

' , under the previous assumption of uniform probability,
�

�

�

) �

�

��� � � 
�


� 
 �

� � � � 
 � .

Notice that, in principle, any machine learning method could be used to predict the destination

state as a function of properties of the source state. The approach proposed here implicitly encodes

the learning bias that the abstraction hierarchies over the relation arguments are useful for gener-

alization (i.e., two states whose values are closer in their respective hierarchies are more likely to

transition to the same state than states that are far apart).

6.2.3 Complexity

Inference in RMMs is slower than in PMMs, but is still quite fast. The computation of a single ,
'

)

requirescombining up to � � �

�

'�


�

� �

�

)�
 � estimates, but each of theseestimates isobtained from the

learned model by a simple lookup. Thus the overall computation is still fast, unless the abstraction

hierarchy is very large. In this case, an approach such as those used by the RMM-PET variants

can greatly reduce the number of abstractions that need to be considered, by identifying the few

estimates that are most informative. Further, we can trade off time for memory by pre-computing

and storing the ,
'

) 's, in which case inference becomes as fast as in PMMs.

Learning in RMMs conceptually involves estimating a transition probability for every pair of
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Figure 6.6: A PET predicting destination relation from ProductPage. Rounded-corner boxes
represent treenodes. Thepath thepageProductPage(iMac, in stock) follows ishighlighted. Each
nodehasan associated distribution over thedestination relations; theseareshown for thehighlighted
nodes. Each nodealong thispath selectsaset of � � �

�


 abstraction pairsthat arecombined according
to Equation 6.2. The � abstraction for anode isderived from thedecisions madealong thesub-path
from the root to that node, and the

�

abstractions are the abstractions the PET is predicting (the
destination relation in this example).
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abstractions, rather than for every pair of states. However, only the transitions between abstrac-

tions that actually occur in the data need be considered (in the same way that, in PMMs, only the

page transitions that actually occur need be considered). The transition probabilities for non-leaf

abstractions can becomputed without looking at the data, by aggregating counts for the lower-level

abstractions. Asaresult, thedominant term in thelearning timeof an RMM isoften thecomputation

of the leaf-level probabilities, which is thesame as for PMMs.

6.3 Using RMMsfor web navigation

The last chapter observed that M INPATH's performance is limited by the quality of the underlying

page navigation model, and, as we mentioned earlier, � rst-order PMMs have a number of weak-

nesses. Themost signi� cant is that PMMscannot offer informed guidance at pages for which there

isno training data. If aweb pagedid not exist during the training period (or simply wasnot visited),

theMarkov model can do no better than predict auniform distribution over theout-adjacent pages3.

Thisphenomenon isvery common on largeand/or dynamically-generated web sites: on aportal site

thenewsstories change every day; customers at an e-commerce site typically view product descrip-

tions they have not previously read; and after a semester is over, students begin viewing the course

pages for a different set of courses. Instead, ideally, we would like the model to take advantage of

therelational structureof thespaceof pages. For example, visitorsprefer newsstoriesof aparticular

genre and products of similar types. If a student views numerous homework pages for a particular

course in agiven department, then thevisitor is likely to continuepreferring homework pages, pages

for that course, and courses in that major.

As we demonstrate in the next section, RMMs effectively address the issue of sparse training

data in large sites, by making use of a relational model of the web site identifying semantic corre-

spondencebetween pages, both previously visited and not visited. Therelational model isfrequently

already available, becausesuch amodel isoften created when thehuman designer developsthesite's

navigational and content structure, or implements the database to serve the content. Based on the

formal model from Section 2.3.1, the set of relations � in a web navigation RMM is an element of

3Or, worse: if a page is created and linked from an oft-visited page, then the maximum likelihood or maximum a
posteriori probability of the new link will be very low.
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the site's set of page partitions, 	 . In our evaluation we measure the predictive accuracy of RMMs

for page navigation, and incorporate them into our M INPATH system.

6.4 Empir ical evaluation

In this section, we address the following questions: (1) Is our hypothesis correct that RMMs out-

perform propositional Markov models when data is sparse? (2) In data-rich environments where

PMMs perform well, are RMMs at a disadvantage? (3) Are RMMs competitive in terms of CPU

time required for learning? (4) Which of theRMM variants (uniform, rank, or PET) performs best?

(5) How well does M INPATH perform when using RMMsversus PMMs?

To answer these questions, we selected four sets of log data taken from two real web sites,

www. gazel l e. com(thee-commercesite introduced in theKDDCup 2000 competition [61]) and

the instructional pages from our home institution www. cs. washi ngt on. edu/ educat i on/

cour ses/ . At both sites, we explicitly modeled when users ended a browsing trail, by creating

a distinguished sink page that was linked from every page in the site and which users implicitly

visited at the end of a trail. We represented each page in the site as a state and the input to the

models was the links users followed during the training period. The experimental task is to predict

theprobability auser will follow each link given theuser's current page. TheKDDCup datahas the

advantage that it represents the largeclassof sitesdynamically-generated from databasequeriesand

page templates, but was not ideal because some domain modeling questions could not be answered

without the“ live” site4. Our homeinstitution's sitewasuseful because it isoperational and wehave

substantial amounts of data available for mining.

For both sites we collected clickstream data and the list of links on each page. Determining

hyperlink connectivity was easy at our home institution—we crawled the site and parsed linkage

datato create themodel. However, although wehad log datafor www. gazel l e. com, thesitewas

no longer operational. Hence, wewere forced to generate an approximate linkage model composed

of the subset of links that were actually followed in the log data. While this solution is suboptimal

(even if a link was never followed, its presence may have in� uenced the behavior of visitors), the

4www. gazel l e. comis now defunct.
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alternative (attempting to randomly add spurious but untraveled links to each page) seemed ques-

tionable.

Generating good relational structure at each site was straightforward. At our home institution,

for example, our model includes CourseOccurrence(Course, Term) pages for the main page of

each term's offering of a course, Assignment(Course, Term, Assignment) pages for each prob-

lem set assigned, etc. Content on www. gazel l e. com, as at many large web sites, was generated

dynamically by combining queries over a database with HTML templates to produce pages. The

challenge, however, was in inferring the schemata of pages—the set of allowable templates and the

parameters that they each required—without having access to the live web site. Fortunately, the

KDDCup log data encodes a comprehensive set of parameters as part of each request, and most of

these parameters have an obvious intuitive meaning (page template, product identi� ers, etc.). We

removed records for all but the nine most frequently accessed page templates and for templates

whose arguments are not present in the clickstream data (e.g., search results pages); this set of nine

templates was our initial candidate for the relation set � . The next challenge was determining the

arguments to each relation. By analyzing the frequency of non-null parameter values, it became

clear that someof the templates took optional arguments. Becauseour framework requires relations

to haveconstant arity, we“split” such arelation into two or morerelations, one for each non-null ar-

gument pattern. Thisprocess yielded 16 distinct relations in � . Finally, for the hierarchies over the

parameter values, weused the trees de� ned for those parameters in the KDDCup data. Appendix B

provides the detailed relational models for both sites.

In the following experiments, we compared PMMs with � ve RMM variants: RMM-uniform,

RMM-rank, RMM-PET-EM, RMM-PET-uniform, and RMM-PET-rank. We employed Laplace

smoothing [52] in the PMM and in the RMM-PET variants. For RMM-rank and RMM-PET-rank

we set the
�

parameter at 10.0, a value which had produced good results on validation data. For

each data set, we trained the models with varying numbers of examples, and we recorded the aver-

age negative log-likelihood of a test example. A negative log-likelihood score is the number of bits

needed to encode an average test instance given the model; a perfect model would have a score of

zero.

Our � rst experiment, which usesKDDCup datafrom www. gazel l e. com,showsthesubstan-

tial advantage that RMMs can have over PMMs (see Figure 6.7). With only 10 training examples,
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Figure6.7: KDDCup 2000 data (www. gazel l e. com). The � -axisshowsthenumber of training
instances scaled logarithmically, and the � -axis is the average negative log-likelihood of a testing
example. Curves are based on 2000 testing instances. RMMsoutperform PMMswith as few as ten
training examples.

the RMMs perform signi� cantly better than PMMs (the 95% con� dence interval around the mean

of the pairwise difference lies completely above zero). As the amount of training data increases,

all models improve their prediction, but the RMM-PET variants consistently outperform the PMM.

In particular, this trend holds true even with abundant training data. This result is somewhat sur-

prising: the RMM-PET variants predict only the destination relation (and subsequently assume all

pages with the same relation are uniformly likely). A priori, we would expect this restriction to

decrease performance, but, instead, this approach apparently allows the RMM to eliminate noisy

abstractions and predict navigation much better.

Our second experiment useslog datafrom November 2001 at our homeinstitution. When trained

with successively more data, RMM-rank and the RMM-PET variants showed aslight improvement

over PMMs, but only when trained on up to 10,000 examples. Because the UW CSE education

pages form a small site, it is a very data-rich environment (i.e., the training data densely covers the

visited pages), and wewere pleased that RMMswerenot trumped by PMMs.
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Our third experiment also usesdatafrom our homeinstitution; it represents traf� c to thepagesof

asingle course, CSE 142 “Computer Programming I,” over a full year. Here, wetrained the models

on data from the instances of CSE 142 in Winter, Spring, Summer, and Fall 2001, and tested the

modelson data from the instance in Winter 2002. Note that the instructors (and course webmasters)

were different in the various instances; indeed, none of the test pages even existed at the time that

the training data was collected. As a result, the PMM can do nothing better than predict a uniform

distribution over thelinksoneach page. In contrast, anRMM takesadvantageof therelated common

relational structure of the training and test data to signi� cantly improve prediction (see Figure 6.8).

The computation time required for the RMM variants is not substantially more than that for

PMMs. The RMM variants require some preprocessing of the data, to build the abstraction sets,

but this work can be done at learning time, independent of the test set. In this third experiment, for

example, preprocessing the site (containing 3,749 pages) for RMM-rank and RMM-uniform took

four minutes (our RMM code is implemented in C++ and the experiments were run on an 850MHz

Pentium III)5. Inference in aPMM for a test example requires only a single ratio of counts, while a

morecomplex set of countsmust beshrunk together in theRMM variants. However, we found that,

on average, RMM-rank, RMM-uniform, and thePMM method all required thesameamount of time

(about 430 milliseconds) per example for inference. The added cost of the RMM is hidden largely

because the work for one test instance may be cached and applied to another (e.g., two instances

with a common source state). The RMM-PET variants require a different preprocessing (to learn

thePET) which took 76 seconds and completed the prediction runs in 1960 milliseconds.

Finally, we used RMMsto predict navigation for use in the M INPATH algorithm. Weused data

from February 2002 (the same source as in Chapter 5), but limited the training and testing sets

to only those pages in the / educat i on hierarchy. We compared M INPATH's performance for

four different models: a single unconditional model with URL stemming at 0.1%, a single � rst-

order Markov model with stemming at 0.1%, the RMM-uniform model, and the RMM-rank model.

We found that RMMs performed signi� cantly better than the PMMs, allowing M INPATH to save

users more links—often 50% to 80% more links than with PMMs, particularly when training data

5Our implementation calculates the non-leaf abstraction transition probabilities directly from the data, and not from
lower-level abstractions aswe suggested in Section 6.2.3. Thus, our computation could be improved substantially.
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Figure 6.8: Winter 2002 data from UW course CSE 142. Pages in the testing set (Winter 2002)
did not exist during the training period (Winter 2001 - Fall 2001). RMMscan take advantage of the
conceptually similar states to greatly improve prediction.

was sparse. Between the RMM variants, RMM-uniform outperformed RMM-rank in this data set,

perhaps because the RMM-rank variant was too eager to increase the shrinkage weights for more-

speci� c abstractions, regardless of how well these abstractions truly predict navigation.

In summary, we conclude that RMMs signi� cantly outperform PMMs when data is sparse and

perform comparably when data is rich. Computation time for RMMs is competitive with PMMs,

particularly when the training data can be preprocessed. The RMM-PET approach offer signi� -

cant advantages by selecting the most informative mixture terms, and the EM and rank approaches

perform favorably for computing the mixing coef� cients.

6.5 A br ief survey of related probabilistic models

Considerable work has been performed on a variety of different probabilistic models; we illustrate

this space in Figure 6.9. The lower left corner represents a simple model containing a number of

states of varying probability. Moving rightward adds sequence information and leads to a Markov

model. Moving upwardsadds structure by which wemean thenotion of de� ning thestates in terms
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Figure 6.9: Probabilistic models. Probabilistic models can be described by their support for three
features: sequential processes, relations between variables and states, and structure within a state
description.

of variables and representing the joint probability distribution compactly with explicit conditional

independence assumptions. Moving backwards into the page adds relational information—a set of

predicates and adomain of variables for each argument.

Viewed in this context, the connection between RMMsand other � rst-order probabilistic repre-

sentationsbecomesclearer. Friedman et al. [47] extended thenotion of Bayesian network to propose

probabilistic relational models (PRMs). Objects in a PRM are divided into a set of classes, and a

different probabilistic model is built for each class, specifying how its attributes depend on each

other and on attributes of related classes. Dynamic Bayesian networks (DBNs) [32, 33, 93] form a

probabilistic dependency graph for uncertain temporal reasoning. A DBN has a separate Bayesian

network for each time step, in which the values of variables for time
�

can depend on the values of

variables in previous time slices. Thus, DBNs “ improve” on RMMs in their use of explicit condi-

tional independences amongst a set of variables, but in contrast to an RMM every state in a DBN

is treated the same way—it has the same variables and dependencies. To our knowledge, RMMs

are the � rst probabilistic � rst-order model of sequential processes to be proposed. However, it is

interesting to note that dynamic Bayesian networks can be viewed as aspecial form of PRM where

there is only one class (the state) and the only relation is the sequential order between successive

states. PRMs have been extended to allow the class to be chosen from a hierarchy [49]. RMMs al-
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low hierarchies over theattributes in each class, and combining modelsat all levelsusing shrinkage.

Thisapproach should beuseful in PRMsalso. Oneobvious area for futurework is to combine ideas

from RMMs, DBNs, and PRMsto de� ne “Dynamic probabilistic relational models” (DPRMs).

Some work has been done in automatically inferring structure among states in a model. For

example, TUBA [55] automatically categorizes the states and actions in amodel, based on the sim-

ilarity of the utility function from the states and actions, and builds hierarchical abstractions for

each. These hierarchies offer insight to a human data miner in understanding the learned model,

and Horvitz and Klein suggest that the utility-based approach can assist in selecting the single best

abstraction from which to base a prediction. Automatically building the state abstractions comple-

mentsand supportsour relational Markov model work, but, instead of choosing only oneabstraction

level, RMMsemploy shrinkage to smoothly combine observations at all abstraction levels.

Hidden Markov models have been extended in a number of ways to accommodate richer state

and observation information. For example, factorial hidden Markov models [50] decompose model

states into
�

components, described by
�

state variable, that depend on each other only via the ob-

servation variable. A factorial hidden Markov model can be viewed as a special case of an RMM

with hidden state, in which all states belong to the same
�

-ary relation, but which has a conditional

independence assumption that state variables in subsequent states depend only on the correspond-

ing variables in the previous state. An area of future work is in exploring how these conditional

independences can be leveraged by relational Markov models. Hierarchical hidden Markov models

(HHMMs) [41] impose a hierarchical temporal structure on the states, in effect allowing states at

higher levels in the HHMM to represent a set of states in a sub-HMM. HHMMs are particularly

useful for modeling actions at different length scales, for example speech (the highest-level states

arewords; each word-state isan HMM of phonemes; etc.). Thetemporal hierarchiesareparticularly

useful asadevice to model theunderlying process at anumber of abstraction levels, but they do not

enable a more robust learning such as what RMMs support. Freitag and McCallum [46] build ab-

straction hierarchies for the observations in HMMs and use these hierarchies to perform shrinkage

over the observables.

Other extensions of HMMshave been proposed (e.g., Lafferty et al. [62]). It should bepossible

to subsume these within our framework; this goal is a matter for future research. RMMs are also

related to work on abstraction in reinforcement learning (e.g., Dietterich [36], Dzeroski et al. [39]),
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and may beuseful in that � eld.

6.6 Summary

This chapter introduces relational Markov models (RMMs), a generalization of Markov models

that represents states with � rst-order relational predicates and leverages this information for better

learning and inference. We believe that RMMsare applicable to a wide variety of domains besides

web navigation, such as mobile robotics, speech processing, process control, fault diagnosis, and

computational biology.

Our experiments have shown that relational Markov models are a suitable alternative to tradi-

tional Markov models—RMMs infrequently perform worse, and can perform much better. When

data about all states is available in quantity, or if the relations between states arenot re� ected in the

distribution of the data, RMMsoffer no advantage relative to traditional Markov models. However,

when data is scarce or non-existent about some states, but abundant for conceptually similar states

(based on relational abstractions of the states), relational Markov models signi� cantly outperform

traditional Markov models. Intuition suggests that this latter case holds true for the vast majority of

web sites, and that RMMsshould prove widely useful.
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Chapter 7

THE M ONTAGE SYSTEM

This chapter presents our � nal web personalizer, MONTAGE. MONTAGE builds dynamic, per-

sonalized web portals for visitors by combining content and links from many sites into one uni� ed

view. MONTAGE predicts the user's goal in each browsing session and places appropriate content

on the portal based on this prediction. In contrast to M INPATH and PROTEUS, MONTAGE only

creates new pages—MONTAGE does not modify existing content. In addition, the expected use of

MONTAGE is as the browser start page, so the user will view the personalized portal only once per

session, at the beginning. Thus, instead of improving individual site-sessions, MONTAGE aims to

improve entire web sessions.1

7.1 Introduction

Despite theexploratory ring of the terms“browsing” and “sur� ng,” web usageoften follows routine

patterns of access. For example, Chapter 1 presented the scenario of a software developer whose

browsing is very regular day after day. However, despite the regularity with which users view con-

tent, few mechanisms exist to assist with these routine tasks. Lists of bookmarks must be authored

and maintained manually by usersand arepresented in acumbersomehierarchical menu. Linksand

content on personalized portals, such as MyMSN [70] or MyYahoo! [95], are more easily naviga-

ble, but still must be explicitly chosen and managed by users. Our work on M INPATH can improve

routine tasks only if the goal is a single target on a site. If the task is to view many pages (e.g.,

“ interesting newsstories”), or aseries of pages, then M INPATH can offer little assistance.

The challenge that we tackled is to develop tools that assist users with routine web browsing.

Routinewebbrowsing referstopatternsof webcontent accessthat userstend to repeat onarelatively

regular and predictable basis (for example, pages viewed at about the same time each day, or in the

1This chapter was substantially published in the 11th International Conference on the World Wide Web [6].
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same sequence, or when working on the same task, etc.). In responding to this challenge, we pose

the following three hypotheses:

� Hypothesis 1: Users want “one-button access” to their routine web destinations (i.e., users

want to minimize their effort in retrieving and viewing content).

� Hypothesis 2: Tools for routine web browsing are enhanced by tailoring links and views to

a user's current browsing context (as opposed to displaying a static set of content under all

circumstances).

� Hypothesis 3: Past web access patterns can be successfully mined to predict future routine

web browsing.

To test these hypotheses, we designed and implemented the MONTAGE system. MONTAGE

buildspersonalized web portalsfor itsusers, based on modelsmined from users' webusagepatterns.

Theseportalsboth link to web resourcesaswell asembed content from distal pages (thusproducing

a montage of web content; see Figure 7.1). After completing the MONTAGE prototype, we � elded

thesystem to evaluate its effectiveness as a tool and to explore the validity of our hypotheses.

In thenext section, wediscuss routine browsing in moredetail, followed by an outline of MON-

TAGE in Section 7.3. Wediscuss implementation speci� cs of MONTAGE in Section 7.4 and present

our experimental � ndings in Section 7.5. Section 7.6 concludes with abrief summary.

7.2 Routinebrowsing

As we noted earlier, not all web usage is random or novel; web users also tend to revisit sites and

pagesinaregular, predictablemanner. In theexampleof thegraduatestudent presented inChapter 1,

thepages the student viewed depended entirely on hiscurrent context, wherecontext is taken as the

time of day and the general topic of the pages viewed previously. More generally, we de� ne the

context of a web browsing session as the set of attributes that in� uences (either consciously or

subconsciously) the selection of pages a user views in that session. Many factors can be included

in a formalization of context. For instance, the context can include the time of day, the period
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of time elapsed since the last session, the general topic of the last session, the most recent non-

browsing computer activity (e.g., the most recently viewed e-mail message), etc. Wede� ne routine

web browsing as the overall pattern of content access that a user performs whenever in the same

or similar contexts. For example, if a user reviews a stock portfolio at around 1:15 P.M . every day,

then viewing the stock portfolio is a routine behavior—it happens at about the same time each day.

On the other hand, if the user spends an hour searching for information about � shing in the Paci� c

Northwest on only one day, then this behavior is not routine because the user does not repeat it in a

similar context.

Our intuition strongly suggests that routine browsing is a common mode for interacting with

the web; our informal surveys early in our study suggested that many people tend to view the same

page or constellation of pages when in similar contexts. The more important questions that must

be answered are whether we can formulate good notions of context, identify the routine browsing

associated with each context, and leverage this information to assist the user. These questions are

embodied in the hypotheses we posed in the introduction and are answered with our experiments

with the MONTAGE system.

7.3 The M ONTAGE system

A web montage is a page that offers “one-stop shopping” for users to � nd the information they

want. A montagecombinescontent from many different pages, linking to pagesor embedding distal

content, saving the user the need to follow even a single link to view content. A montage is more

than “ just a list of favorites,” for three reasons. One reason is that remote pages may be embedded

in the montage, aggregating content from multiple sites. Another is that the content depends on

the user's context of browsing (e.g., the topic of recently viewed pages, or the time of day, etc.),

so the content is relevant to the task at hand. Third, MONTAGE automatically selects and manages

the appropriate content, without the need for explicit input from the user. In contrast, the browser

favorites list requires much setup and maintenance by the user to be useful, and this requirement is

often more effort than users are willing to expend.

Three typical montage views are shown in Figures 7.1, 7.2, and 7.3. Figure 7.1 is the “Main

Montage” whichdisplays linksandembedded content grouped by topic. Thisparticular montagehas
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Figure 7.1: Main montage. Content is grouped by topic, and each topic heading links to a topic-
speci� c montage. Thepagewith thehighest expected utility for theuser isembedded on themontage
itself; other relevant pages in the same topic are included as links on the montage.
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Figure 7.2: A topic-speci� c montage. This montage embeds content from several pages and in-
cludes apane containing many links to other pages in this same topic.
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Figure 7.3: A links-only montage. Embedded content is omitted to allow many more links in this
view. Links are grouped by topic, and MONTAGE selects the placement of topic regions on the
display. Link anchors are the destination

"
t i t l e

#
, if it exists, or the URL itself.
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threetopic-speci� c panes: “Society, Politics, & News,” “Computers& Internet,” and “Entertainment

& Media,” each containing a cropped view of a distal web page and links to other pages within the

respective topic. Thus, the user can immediately view the afternoon's current news, the user's most

frequently-viewed programming documents, and the current traf� c conditions around the area. The

position and selection of content is determined automatically by MONTAGE. The user can set the

size and location of the “ lens” on the remote content page, or accept MONTAGE's defaults (we

discuss the user interface for adjusting lenses in Section 7.3.3). In Figure 7.2 is a topic-speci� c

montage, which shows several embedded pages and related links. Both the topic-speci� c montage

and the main montage are assembled automatically to � t just within the user's current browser

window, to eliminate the need to scroll the page. The user can navigate between these montages by

following links at the top of each view. Figure 7.3 shows a simpli� ed montage that contains only

links. Still other visualizations are possible: a browser toolbar showing iconic representations of

pages; a persistent display of bookmarks auxiliary to the browser window; etc. We plan to explore

these alternatives in future work.

Building a web montage is a two-step process, as we described in Chapter 1. We summarize

how MONTAGE carries out these steps next.

7.3.1 Step 1: Mine the user model

The primary source of information for the user model is the sequence of pages the user requested.

MONTAGE records the timeand dateof each pagevisit, thepage's URL, and the topic of thepage's

content (this data is the context � of the request, as described in Section 2.3.1). The topics can be

determined using text classi� cation procedures [25, 27, 71]. We applied a content classi� er trained

to assign topics to web content, developed by Chen and Dumais [28]. The topic classi� er employs

the linear support vector machine (SVM) method and assigns each page a probability of being in

each category of a static topic ontology2. We took as the topic of a page the category with the

highest probability.

2An extension to MONTAGE work would be to adaptively adjust the level of detail in the topic ontology, specializing
into subtopics any topics that are overpopulated, while leaving large, sparsely-populated topics general. Al though we
used high-level categories for our initial user study, our content-tagging subsystem tagscontent more®nely, employing
a hierarchical ontology of concepts.
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Theresult of evidencecollection isasequenceof requeststagged by topic that MONTAGE further

re� nes into sessions. For MONTAGE's purposes, asession isasequenceof pagerequests that begins

with a visit to the user's start page—the � rst page the browser displays, or the page visited when

the user clicks the “home” button. In practice, MONTAGE does not know which page is the start

page and, thus, uses heuristics to identify when one session ends and when the next session begins.

Section 7.4 provides the exact details of how weclean and segment the data into sessions.

MONTAGE uses the page sequences and sessions to compute � ve aspects about the user for the

model. Wesummarize these aspects here; Section 7.4 describes how these aspects are computed.

� Candidatepages. MONTAGE selects asubset of theuser's previously visited pagesascandi-

dates for inclusion in the montage. MONTAGE places no upper limit on the number of pages

selected, but does set minimum requirements for inclusion in this set (such as a minimum

number of times theuser hasever viewed the page).

� Interest in page. MONTAGE estimates theuser's apparent interest in each page, primarily by

how much timetheuser spent looking at thepage, how many links theuser followed from the

page, etc.

� Interest in topic. MONTAGE also estimates the user's interest in the higher-level topic of

pages viewed. Because, for instance, although the user may show relatively little interest

in several different speci� c pages, he or she may be strongly interested in the single topic

encompassing them all.

� Probability of revisit. MONTAGE estimates the probability that a user will revisit a page in

the next browsing session, given theuser's current context.

� Savings possible. Placing a link or embedding a page on the montage saves the user navi-

gational effort. MONTAGE measures this savings as the effort the user expended navigating

to the page originally. All things being equal, MONTAGE will favor including pages on the

montage that would bedif� cult to revisit manually.
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7.3.2 Step 2: Assemble the montage

Equipped with the user model, MONTAGE is ready to assemble the content montage. Because the

montagedependson theuser'scurrent browsing context, MONTAGE buildsanew pageeach timethe

user revisits hisor her montage. MONTAGE begins theassembly by calculating theoverall expected

utility of viewing each content topic or candidate page. We take asimpli� ed approach compared to

PROTEUS's utility function, because the motivation here is in evaluating pages previously visited,

and not necessarily the navigation through the site. In particular, we ignore extrinsic utility, and

compute the probability of visiting a page by conditioning on the browsing context. The cost of

navigation is incorporated into our measure of intrinsic utility. Another advantage of this model

is that, because we are concerned only with estimating the value of revisited pages, and not novel

pages, we can do so independently of all other pages (i.e., because we do not explicitly model

navigation). This model will allow (for these speci� c pages) more effective learning than possible

with M INPATH or PROTEUS (which require more training data, to build amodel of navigation).

We approximate the value of the page � to a user as a function of the interest, �.� �.
 , and the

navigation savings,
�

� �.
 . In the general case, the value is some combination of these two factors:
�

��� � �.
 �

�

� �(
 
 . We treat these factors as independent and have explored both a weighted additive

model and aweighted multiplicative model3. In our experiment, wechose themultiplicative model,

and took asthevalueof apage, � � �.


�



�

�

� �.


��� . If weassumetheutility of displaying uninteresting

content to bezero (and not, for instance, negative), then theexpected utility of apage is the product

of the probability the user will visit the page given the current context,
�

	-� � � � 
 , and the value of

the page. Thus, we take as the expected utility of apage:

� ���

� �(

�

�

�

	 � � � � 
���� � �.


�



�

�

� �.


���


 (7.1)

Likewise, wecompute theexpected utility of a topic � astheproduct of theprobability that theuser

3Of course, an additive model can be viewed simply as the logarithm of the multiplicative model. The signi®cant
difference arises when computing expected utility: in a multiplicative model, doubling the interest in a page, for
example, always doubles the expected utility, but in an additive model, one term may dominate, and thus doubling the
other will have littleeffect on expected utility.
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will view any pagewith topic � in thecurrent context,
�

	 � � � � 
 , and theuser's interest in the topic:

�����

� � 

�

�

�

	 � � � � 
 �.� ��


This choice has the effect of favoring “ larger” topics, because every page with non-zero visit prob-

ability and interest will positively contribute to �����

� ��

� (by increasing either
�

	 � � � � 
 , � � ��
 , or

both). Moreover, this behavior is what we desire: even if all pages of some topic � individually

have low re-visit probability and interest, if the user has viewed many more pages of topic � than

any other, than that topic has high expected utility for the user and should be represented in the

montage.

MONTAGE uses these computed values to place content on the montage to maximize the total

expected utility, subject to the sizes of the browser window and each of the embedded pages. Ef-

fectively, MONTAGE solves a 0-1 knapsack problem where the knapsack is the browser window

area and each item is a candidate page or topic with associated size (speci� ed by the user or from

a default setting) and utility (computed as above). In practice, we could provide users with tools to

inspect and tune measures of interest and navigation savings, and allow them to provide feedback

on the function for combining these factors. For example, for the multiplicative model, we could

assess from users the relativeweighting ascribed to interest versusnavigation savings. For our stud-

ies, weconsidered these factors to beequal and provided � xed functions for interest and savings. In

Section 7.4 wedescribe how MONTAGE mines the interest, savings, and probabilities from the web

usage logs.

7.3.3 User control of montage clippings

In the previous section, we saw that the content embedded on the montage was cropped to a web

page clipping, asmaller window than the original page (see Figure 7.4). MONTAGE allows the user

to havecompletecontrol over thesizeand position on thedistal pageof thisclipping. By specifying

the length, width, and focal point of the clipping, users create persistent lenses onto particular por-

tions of the content of pages. Users can also dictate the frequency with which the content refreshes

itself during the day (i.e., if the user simply leaves his or her browser at the montage, MONTAGE

will automatically refresh theembedded content with the given frequency).
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Figure 7.4: Cropping content. Distal pages arecropped to asmall window when embedded on the
montage.

7.4 Implementation

The implementation of MONTAGE follows the framework we presented in the previous section; in

this section we describe the speci� c details. MONTAGE was coded in Python and runs on both

Windows and Linux platforms using Internet Information Services (IIS) or Apache web servers.

7.4.1 Collecting data and mining models

Users of the MONTAGE system direct all of their web browsing through a proxy that logs each

request. In our experiments, weused asingleproxy running on acentral server, although the MON-

TAGE framework supports running the proxy on individual users' computers. An important advan-

tage of the individual proxy installation is user privacy—if the proxy and the rest of the MONTAGE

system all operate on the user's computer, then the user minimizes the risk of unintentionally shar-

ing private information with third parties. Wechose thecentralized proxy approach for convenience

of the experiment.
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MONTAGE cleans the logs following the techniques described in Appendix C. With the proxy

logs cleaned and sessionized, MONTAGE proceeds to select the candidate pages and topics. Any

page or topic that has been visited more than once is a candidate. For each candidate, MONTAGE

buildsanä�veBayesclassi� er [38] to estimate theprobability theuser will view thepage in afuture

context. The model classi� es a session as to whether the user will view the page or topic in that

session. The particular evidential features employed are: the overall rate with which the user views

thepage; the rateof viewing thepage for each 3-hour block of time in theday (i.e., midnight – 3:00

A .M ., 3:00 A .M . – 6:00 A .M ., etc.); and the predominant topic of the pages viewed during the last

4-hour block of time. Weevaluated many other features, such as the timesince theprevious session

and the last URL visited, but these other features either offered less lift in predictability or required

more training data than wehad available.

The � nal aspects of the user model are the savings possible when embedding a page on the

montage and the user's interest in a page or topic. Weestimated the savings as the average number

of links followed to reach the candidate page from the � rst page in any session that includes the

candidate page. The user's interest in a page is estimated heuristically as a weighted sum of the

average number of links followed from the page,
�

� �(
 , and the average number of seconds spent in

sessions starting with the page, � � �.
 :

� � �.


�

�

� �.


�

� �

�

��� � � �(


�

� � �

�

Theconstantswerechosen toequatean averageof two linksfollowed from � with anaveragesession

time length of 30 seconds. We chose these number empirically; an extension of MONTAGE would

expose these values to the user to enable more direct control over this trade-off. The user's interest

in a topic � is the sum of interest over all pages whose topic is � :

� � ��


�

�

�

���

� � �(


We sum, instead of average, to re� ect the user's cumulative interest in a topic. If the user has low

interest in many pagesall about onecommon topic, by virtueof viewing the large number of pages,

wepresume the user has ahigher interest in the common topic.
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7.4.2 Displaying montages

As the browsing context is potentially different each time the user requests his or her montage, the

montage may be rebuilt frequently. Our implementation requires only a few seconds to rebuild a

montage, with the timedominated by solving theknapsack problem to placeembedded content and

topic panes in the browser window. We are con� dent we could improve this time by an order of

magnitude with judicious optimization. In our experiments, we rebuilt and cached test subjects'

montages only once per hour, both for convenience and because the set of features we chose for

browsing context does not change faster than about once per hour.

As we described previously, we developed two different visualizations for a montage: the

embedded-content montage (Figure 7.1) and the links-only montage (see Figure 7.3). The links-

only montage is quite simple to display: it is a two-dimensional table and contains only links to

web sites—no embedded content, images, Javascript, etc. The link anchors are chosen as either the

target page's " t i t l e # or, lacking a title, theURL itself.

Theembedded-content montageisabit morecomplex. It isformed asaset of nested " f r ame # s:

thenavigation bar, each topic pane, and thecontent paneswithin each topic pane, areall " f r ame # s.

The hosting " f r ameset # sspecify the size of each pane; it is this mechanism that also sets the

size of the cropping window for distal content. To scroll the content to the appropriate position on

thedistal page, MONTAGE sets thesr c of the frame to be thecorresponding URL and additionally

adorns the URL with a tag the MONTAGE proxy intercepts (recall that the user directs all browsing

through the proxy, including requests made for content embedded in the montage). The MONTAGE

proxy passes the request along to the appropriate server (removing the adornment) and inserts a

small amount of JavaScript into the resulting HTML stream sent back to theuser. Theproxy makes

no other changes to the returned HTML, but the grafted JavaScript will scroll the page to its appro-

priate position as it is loaded by the browser. Wenote that an alternative approach would be to pass

the URL directly to MONTAGE and have it fetch the page and modify the content itself—no need

for adorning URLsor intercepting requests with the proxy. However, because the URL the browser

would see isa MONTAGE page, rather than the actual target site, the browser will not communicate

any cookies to the remote server. Thus, to ensure the browser believes it really is communicating

directly with the remote site, wechose the URL adornment approach.
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Figure 7.5: Customizing embedded content. The user can change the cropping window on the
distal page by simply resizing and scrolling the browser window.

Theuser may change thesizeand position of thecropping window on distal content by clicking

the “Customize size & focus” link in the upper-left corner of any content pane. In response, MON-

TAGE opens a new browser window as shown in Figure 7.5. The user can control three aspects of

how thecontent isdisplayed in themontage. First, theuser can directly change thesizeand position

of theclipping window simply bechanging thesizeand scroll position of thebrowser window: drag

the window larger, and the clipping window becomes larger. Second, the user can control how text

� ows on the page by specifying the width and height (in the text � elds in the � gure) of the virtual

browser window the page is rendered in. For example, if the user wants to crop the content very

narrowly, heor shecould specify thevirtual browser beonly of width 400 (pixels) for that page; the

page would then be formatted very narrowly.4 Finally, the user can control how often each clipping

reloads itself in the browser window by setting the period, in seconds; zero seconds disables auto-

refreshing. By default, MONTAGE sets thisvalue to zero (refreshing disabled), although MONTAGE

could suggest a refresh interval based on theuser's past revisit frequency to each page.

4Technically, each embedded clipping isplaced within an � i f r ame � on apagesourced by a � f r ame � . Thewidth
and height ®elds the user enters simply control the size of the � i f r ame � ; the actual browser window size controls
the size of the � f r ame � .



102

7.5 Exper imental evaluation

In Section 7.1, wepresented threehypotheses about users' routine browsing behavior. A key step in

answering these questions is actually � elding MONTAGE among users. We conducted a two-week

user study of 26 web-savvy usersduring early October 2001. Usershad extensive experience on the

Web but varied in the amount of daily browsing activity. The users were computing professionals

and, by large, held a “ time is money” philosophy (i.e., waiting for web pages to load or hunting for

the right link to follow on a page is a wasteful experience). Thus, MONTAGE could signi� cantly

improve their browsing experience by making their routine web browsing moreef� cient.

During the study, users directed all their web browsing through a central proxy running on

our “MONTAGE server” (which ran the proxy, a web server, and the MONTAGE implementation).

In the � rst week, we only collected usage information—users browsed the web as they normally

would. At the end of the � rst week, we began building models of each user, once per day, to use

with MONTAGE. Recall that, although the user's browsing context changes relatively frequently,

the predictive model for the user does not—a single additional hour or half-day of browsing rarely

changes the model dramatically.

During the second week, we presented users their montages. We instructed users to make their

montage their browser's start page, and to revisit the page at least a few times each day. We also

added an additional pane to the montage to elicit feedback whenever the user viewed the page (a

simple rating re� ecting how “pleased” the user was with that montage, ranging from 1 meaning

“Not pleased at all” up to 7, “Very pleased”). During thisperiod, 21 of our 26 users actually viewed

their montages, on average 25.1 times in the week, and provided feedback 28% of the time (we

attribute most of the missing 72% of feedback to users simply forgetting to do so). We concluded

the study with aquestionnaire.

To explore the validity of our hypotheses from Section 7.1, we tested two variables in� uencing

themontage. First, wevaried the montage visualization approach: embedded-content or links-only.

Second, we varied the model complexity: the expected-utility, context-sensitive model (“complex

model” ) as described in Section 7.4, or a simple model using only the overall frequency of revisits

to determine the probability of returning to the page (i.e., ignoring interest in page and savings).

We presented every user in the study with two different styles of montage, drawn from the four
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Table7.1: Study groups. Each group viewed two montagevariations: theembedded-content / com-
plex model montage and another asshown in this table. Wecount aparticipant asactive if heor she
viewed and rated at least one montage during the study. On average, users rated their montage 8.06
times in the study.

Group Visualization Model Number users
1 Links-only Simple 6
2 Links-only Complex 6
3 Embedded-content Simple 6

Table 7.2: Feedback scores. Users rated their montages between 1 (“Not pleased at all” ) and 7
(“Very pleased”).

Visualization Model Average score
Links-only Simple 3.32
Links-only Complex 4.97

Embedded-content Simple 1.88
Embedded-content Complex 3.22

total con� gurations; one style in the � rst half of thesecond week and thesecond style in thesecond

half. Weparticularly sought feedback on theembedded-content / complex model style, so each user

viewed that montage, and one other style. Table 7.1 shows our resulting study groups.

7.5.1 General results

Our study groups werequite small, so our results can giveonly ageneral impression of thecompar-

ative trends. In future work, wewould like to conduct amuch more extensive user study. Table 7.2

shows the average feedback score for each of the four montage styles. Recall that a higher score

means the user was more pleased with his or her montage. Table 7.3 shows the scores comparing

only one variable at a time, and Table 7.4 displays each study group's score for their respective

styles. Overall, the links-only montage using the model that incorporates context appears to be the

favorite. Weshall next analyze how these � ndings apply to our hypotheses.
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Table7.3: Results by var iable.

Visualization Average score
Links-only 4.40

Embedded-content 2.98
Model Average score
Simple 2.64

Complex 3.79

Table7.4: Resultsby study group. Each study group viewed two different montage styles, switch-
ing half-way through the second week of the experiment.

Visualization Model Grp 1 Grp 2 Grp 3
Links-only Simple 3.32
Links-only Complex 4.97

Embedded-content Simple 1.88
Embedded-content Complex 3.08 4.00 2.50

7.5.2 Hypothesis 1

Users want “ one-button access” to their routine web destinations

As a result of our study, users could access their routine destinations in four different ways:

follow a bookmark; follow a link on the links toolbar (a small toolbar that displays only four to

six bookmarks); follow a link on a links-only montage; and view content or follow a link on the

embedded-content montage. Although measuring bookmark and links toolbar usage was outside

the scope of our original study, users' qualitative feedback indicates that users value the montage

higher than the manual approaches. Some users suggested a hybrid, where they can manually add

links to the automatically-generated montage. Weare considering such an extension to our system.

Between thetwo visualization approaches, weweresurprised to � nd that thelinks-only montage

was unanimously preferred over the embedded-content montage (see Tables 7.2 and 7.3). A priori,

we had expected users to prefer their target content embedded directly on their montages. Instead,

users apparently do not mind following at least one link to view their destination.

We believe several factors may have in� uenced users' opinions on this issue. One is that the
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links-only montage loaded nearly instantly as it is only formatted text. The embedded-content

montage, however, would take up to 30 seconds to load completely (downloading all the distal

content embedded on the page). It's not clear how much of this delay was caused by our particular

experimental setup (e.g., was the proxy a bottleneck?) and how much delay is inevitable (e.g.,

network delays). We plan to investigate this issue in a future study by prefetching the content

embedded on themontage.

Another reason is that the links-only view allowed MONTAGE to place many more links on the

display than with the embedded-content view. With more links to choose from, users had a greater

chance of � nding a link to their destination immediately, without drilling down into a topic-speci� c

montage. Due to a someone large default size of the embedded-content web clipping, only one or

two clippings could � t on a single montage, unless the user customized the clipping size. We plan

to investigate other means for providing greater numbers of clippings, including rendering scaled-

down views of portions of pages.

7.5.3 Hypothesis 2

Tools for routine web browsing areenhanced by tailoring linksand views to a user's current brows-

ing context

The test for this hypothesis is the comparison between our complex model and the simple one.

The complex model conditions the links and content on the montage on the user's current context,

while the simple model ignores context. The latter half of Table 7.3 shows this comparison: the

model conditioned on context outscored the simple model by well over a point. Of course, this

result only scratches the surface—context is clearly useful, but what context should we use? In a

future study, weplan to evaluate how much predictive lift each feature offers to determine the most

valuable set of features for the user model.

7.5.4 Hypothesis 3

Past web access patterns can besuccessfully mined to predict future routine web browsing

The proof of this hypothesis lies in how often users found their target content on or using their

montage. Based on a post-study survey, many users agreed that they found the montage helpful in
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suggesting pagesthey indeed wanted tovisit. However, therewereseveral casesinwhich MONTAGE

suggested pages that were clearly never going to be revisited. In particular, MONTAGE tends to

suggest search engine results pages to users, as MONTAGE estimates the user's interest in these

pages highly (MONTAGE estimates interest in part as the number of links followed from the page).

We plan to re� ne MONTAGE's interest estimate in a future implementation and test this hypothesis

further.

Quantitatively, 73% of users responded in our post-study survey that they felt that MONTAGE

selected appropriate links and content at least occasionally. We feel that this result supports our

initial approach to mining routineweb browsing. Moreover, wecan improve thisvalue in two ways.

First, due to a technical issue, MONTAGE does not suggest intranet content; omitting these pages

accounted for 18% of thesessions in which MONTAGE failed to suggest thecorrect target. With the

experience of theuser study, wearecon� dent that wecan overcome this technical detail and expand

the universe of content MONTAGE can offer. Second, 45% of the missed sessions led to pages that

users had visited sometime earlier in the study. With a longer history of web usage, and perhaps

a more sophisticated user model, MONTAGE could potentially suggest useful content for many of

these sessions.

7.5.5 Discussion

Overall, it appears that the MONTAGE user modeling components work well—thecontext-sensitive

model scored higher than thesimpler model. Additionally, usersareconcerned that their start pages

load quickly; 64% of our users indicated speed of loading the start page as “very important.” This

concern ismoreimportant, in fact, than having thetarget of their session display in thestart page. We

arethus interested in incorporating MONTAGE with aweb prefetching system to greatly improvethe

load timeof theembedded-content montage. Onecould also extend theutility model (Equation 7.1)

to incorporate the cost of waiting for the MONTAGE to load the remote content, in the same way

that PROTEUS incorporates thecost of navigation actions (Equation 3.1).

Users appreciated MONTAGE's efforts to automatically select and place content on the screen,

but they still want some manual authoring mechanism. A number of users point to their links

toolbar as what they feel MONTAGE must compete with. Although it is true that MONTAGE was
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able to identify a number of these preselected shortcuts automatically, it is clear that users would

be more inclined to adopt a hybrid system that also allows for direct manipulation and authoring of

content to include.

7.6 Summary

The goal of MONTAGE is to improve the experience of routine web browsing—the browsing that

users tend to repeat over and over in similar situations. We implemented the MONTAGE prototype

system by coupling proxy-based monitoring and predictive user modeling machinery with layout

and display techniques that composeweb montages. Weposed several hypothesesabout routineweb

browsing and addressed them in a user study. We found that users appreciated having an automatic

system that could suggest links for them to follow, given a broad view of their current browsing

context. However, we found that users particularly wanted the system to operate as fast as possible,

being effectively transparent in there access to the Web. We found that loading the montage page

should takeno morethan oneor two seconds, and userswanted somemanual authoring capabilities.

These � ndings encourage us to push forward in anumber of directions with MONTAGE, aswehave

highlighted in this chapter and outline in Section 9.4.
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Chapter 8

RELATED WORK

In this chapter we compare our research with relevant current and recent work. We previously

discussed how relational Markov models compare to other probabilistic models; here, we survey

other web personalization techniques.

8.1 Adaptive hypermedia

The goals of adaptive hypermedia ally closely with our work: to improve web (hypermedia) inter-

actions by modeling users and adapting the experience. Perhaps the most signi� cant difference lies

in the application domain. Most adaptive hypermedia work seeks to improve: online educational

systems (i.e., adapt the learning to the student); help systems (adapting to the particular context of

the help request); information retrieval (helping users � nd asmuch relevant content as possible); or

online information systems (helping users � nd high-quality content quickly). Brusilovsky provides

an excellent overview [19] of these systems, and the May 2002 issue of the Communications of the

ACM [18], as well as the book by Brusilovsky et al. [17], feature contributions from several of the

most prominent members of this community.

8.2 Personalized content and portals

Our work has been inspired by Perkowitz and Etzioni's adaptive web sites [80, 82, 79]. Our work

differs from theirs on three important points:

� Adaptive web sites � nd singular transformations that appeal to all visitors at the site, while

PROTEUS, M INPATH, and MONTAGE personalize the web content for several sizes of audi-

ence, from all visitors down to each visitor.

� The only transformation Perkowitz and Etzioni's adaptive web sites produce is synthesizing
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index pages—hubsof linksto other pages in thesite. Our personalizersconsider amuch wider

range of adaptations, that personalize individual pages (e.g., elide-content), site-sessions

(add-shortcut), or entire browsing sessions (embedding distal content into asingle portal).

� Their site evaluation metric measures only the navigation aspect of the site's visitors. Our

approach, estimating theexpected utility, combines visitors' content interests with amodel of

their navigation behavior, and is applicable both as individual pages change content, and to

newly created (or never-before visited) pages.

Another proxy-intermediary approach is the Web Intermediaries (WBI) [11, 67] project. WBI

proposesan architectureof pluggable intermediaries that exist between web serversand web clients.

These intermediaries generate, transform, and monitor the content they see in connection with re-

quests made from web visitors, and can be used either individually or in chains. In many ways,

our approach to web site personalization can be viewed asaparticular transformation intermediary,

providing highly personalized content for users. An interesting line of future research would be to

reimplement PROTEUS in theWBI framework and investigate what new capabilities areavailable to

it asamember of WBI's federation (in particular, what other intermediaries areavailable that could

beusefully composed with PROTEUS, M INPATH, or MONTAGE).

ThePersonalClipper [44] allowsvisitors to build their own custom viewsof web sitesby record-

ing navigational macrosusing aVCR-metaphor and selecting components of thetarget pageto view

with a mobile device. In contrast to PROTEUS, the PersonalClipper requires the visitor to manually

create these navigational macros and place the result on the personal clipping. However, based

on feedback from our MONTAGE study, it would be interesting to combine PersonalClipper with

PROTEUS or MONTAGE to support amixed-initiative personalized experience.

Among research on personalizing web portals, the most similar in spirit to MONTAGE are Per-

sonalClipper [44] (or MyOwnWeb [8]) and the Web-based Object-Oriented Desktop (WOOD) [23].

ThePersonalClipper architecture relieson sitedescriptions, which areessentially programs that run

on a web site (following links, � lling in forms, etc.) and produce a block of HTML as output (a

clipping). These site descriptions are built by the user following a VCR-metaphor [9]: the visitor

starts recording adescriptor, navigates thesite to � nd adestination page, and ends the descriptor by
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selecting the HTML fragment that is of interest. Users of PersonalClipper would select the site de-

scriptionsdesired on astart page, and thesystem would executethesitedescriptionsand concatenate

the results for display. TheWebViews [45] project extends these ideas to allow for parameterizable

site descriptions (e.g., amacro for selecting airline � ight status given the carrier and � ight number)

and to output for mobile de� nes (e.g., transcoding the output into XML for voice browsing).

WOOD employs external information components to extract and process useful content from

many different sites. Users of WOOD manually select which components to display and how to lay

out theresulting content on thescreen. MONTAGE improveson theseapproaches in two ways. First,

MONTAGE automatically selects the content to display, freeing the user from the need to manually

maintain the personalized page. Second, MONTAGE embeds web clippings, an approach that we

believe captures a more intuitive and robust approach to viewing distal content than � ltering and

processing content based on the HTML markup of the page.

Newsblaster [12] isasystem for clustering newsarticlesfrom multiplesourcesandautomatically

authoring summaries of the stories. Newsblaster's multi-document summarization could be used

with MONTAGE to author more descriptive labels for the content panes in the montage. Moreover,

with automatic summarization, MONTAGE would no longer need atopic classi� er, and could instead

cluster content and links based on usage or keywords, and label the clusters based on the automatic

summary.

Also similar to MONTAGE is work on automatically building bookmark lists. PowerBook-

marks[63] automatically buildsaYahoo!-style web directory of thepageseach user visits, selecting

which pages to include by how often theuser visits them and by their link structure. TheBookmark

Organizer [66] is a semi-automated system that maintains a hierarchical organization of a user's

bookmarks while letting theuser keep control of certain aspects (such as “ freezing” nodes in thehi-

erarchy to prevent them from being changed). These systems reduce the effort required to maintain

the bookmark lists, but they do not address all the drawbacks of such lists. PowerBookmarks and

the Bookmark Organizer are insensitive to the user's browsing context, and may require substantial

user effort to � nd the target link (navigating a hierarchical menu structure or drilling down through

a web directory). In contrast, MONTAGE's user model leverages the content of pages viewed and

the frequency of links followed to automatically select high-quality bookmarks, and to display the

most appropriate bookmarks for theuser'scurrent context. MONTAGE also displays both embedded
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content and links in asingle page, requiring no scrolling and at most one link to follow.

Building a web montage is related to the more general interest in building web-based docu-

ment collections. Systems such as Hunter Gatherer [92] assist users in building collections of web

content, either web pages or within-the-page blocks of content. In contrast to these systems, MON-

TAGE builds itscollection automatically and dynamically, but iseffectively “hard-wired” to only one

collection (the “material for a start page” collection). The techniques in MONTAGE and collection

building systemsnicely complement each other, and it would beinteresting toapply theuser-assisted

assembly techniques to MONTAGE. For example, both MONTAGE and the user could add compo-

nents(linksand embedded content) to thestart pagecollection, and MONTAGE would automatically

group and display the components to the best of its ability. The user could assist MONTAGE with

components that are incorrectly displayed or that are added manually. Theparticipants in our study

agreed that this type of mixed-initiative system would likely be their favorite.

8.3 Improving mobileweb content

A number of companies [10, 89, 56, 37] have taken the � rst commercial step to bring web content

to wireless devices: syntactic translation. Syntactic translation re-codes the web content in a rote

manner, usually tag-for-tag or following some prede� ned templates or rules. This method enjoys

some success, particularly for mobile clients that have at least some graphical display (e.g., a Palm

Connected Organizer, but not text-only pagers). However, this approach essentially produces a

scaled down version of the original web site: all the original content and structure designed for the

desktop, broadband visitor, but in miniature form. The mobile visitor must wade through a morass

of possibly irrelevant links and content to � nd the single gem of information for which he or she

is looking; browsing such a site with a small screen and a low-bandwidth network connection only

exacerbates this problem. Syntactic translation is not a � awed approach—quite to the contrary,

it is a necessary component of a successful mobile web site. What it lacks is an awareness of

the particular needs of each visitor—syntactic translation simply perpetuates the “one-size-� ts-all”

philosophy from the original web site.

Two systems similar to our PROTEUS work are Digestor [13] and Pythia [43]. Neither system

personalizes web content, but both concentrate simply on transforming content for display on a
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small screen with limited network bandwidth. Digestor uses a steepest-descent search similar to

ours, to � nd an optimal page. However, Digestor rates thequality of aweb page not on thevisitor's

expected utility, but only on how much screen space the page occupies (smaller pages have higher

quality). This quality metric has two signi� cant weaknesses. First, different elements on a page

will have different value to the visitor, and should not be measured simply by how large they are.

Second, this metric encourages the system to create degenerate pages—a blank web page receives

the highest quality value. Both these weaknesses are addressed by a richer visitor model, such as

we de� ne for PROTEUS. In contrast to Digestor and PROTEUS, Pythia does not use search, and

instead performs a distillation of every image on the requested web page to reduce the screen size

and � le transmit cost of the content. Pythia allows the visitor to subsequently select images to

restore to a larger size in a re� nement step. Pythia's approach is well suited to improving how

images are transmitted and viewed on mobile devices, but is unable to improve the textual content

or navigational structure in aweb page. PROTEUS addresses both of these issuesand, in fact, would

bebene� cially complemented by Pythia's approach.

Several other systemsalso seek to improve thewirelessweb experience. TheDaily Learner [14,

15] is an agent that learns a Palm VII user's preference for news content, by monitoring exactly

which stories the user requests from both the Palm device and his or her desktop computer. Based

on this feedback, the Daily Learner builds a model of the textual content the user prefers, and au-

tomatically builds a page of links to other news stories with similar content. This model is similar

to that used by PROTEUS to calculate intrinsic utility, with the exception that The Daily Learner's

TFIDF weighting is done over a much larger corpus of documents. It would be interesting to incor-

porate their content model into PROTEUS to predict intrinsic utility with higher con� dence.

Thegoal of m-Links[91] is to enableaccess to web content from cellular phones, on which only

two to four lines of text areviewable. With such limited display space, transcoding existing content

isnot feasible—reducing arbitrary content into such asmall space isnearly impossible. Instead, m-

Linksautomatically identi� es objects of interest on web pagesand builds itsown hierarchical menu

for accessing these objects. m-Links also associates with each object a set of services available,

for example, printing PDF � les, reading e-mail, or listening to the text of a document with text-

to-speech synthesis. The m-Links approach can be viewed as a pre-processing step in our search

framework: each web page is � rst converted into an m-Links structure, and then we could perform
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search through the space of arrangements of content, potentially moving web data from one page

to another or moving important items higher in lists shown to the user. Successfully personalizing

web content on a cellular phone could have great impact in mobile web usability, but also faces a

signi� cant challenge: training data is very sparse. The Daily Learner combines training data from

mobileand desktop devices, and personalization for cellular phoneweb browsing must do thesame.

The Stanford Power Browser [20, 21, 22] is a client-side approach that seeks to improve the

viewing of web pages. Most signi� cantly, the Power Browser enables “accordion summarization:”

sections of text of a web page are � rst displayed “rolled-up” and replaced with asingle line of text.

The user can easily expand each rolled-up section by clicking on the text to view progressively

more detail. The advantage of summarization is to allow a user to quickly view the whole content

of a document, at a high-level, and then drill down into only those parts of interest (and avoid

scrolling through irrelevant content). The Power Browser complements our PROTEUS approach by

improving theinteraction with each pagethevisitor views. An interesting item of futurework would

be to evaluate the improvement in navigation each of these features offers, and how they interact

with one another.

8.4 Predicting navigation

Predicting web navigation well has impact beyond web personalization. Much of the earlier work

on predicting navigation was done with an eye toward servers predicting future requests and pre-

sending documents to clients. When the server guesses correctly, the latency of the next request is

greatly decreased; and if the server guesses incorrectly, the client simply resets the connection and

requests the intended next document.

The two leading approaches for predicting navigation are Markov models and � -gram models.

Markov and � -gram models are very closely related, and we distinguish them by whether they pre-

dict which URL will be requested next (these are � -gram models), or if they compute a probability

of the next request (these are Markov models).

An � -gram is a sequence of � web requests, and the � -gram model records how often each

sequence of � requests wasmade in the training data. To predict a future request, an agent looks for

an � -gram that matches thesuf� x of theuser's recent browsing trail. Previous work [83, 90, 97, 35]
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hasexplored how to choose which � -gram and how to reduce themodel storage requirement (given

that thesizeof themodel increases exponentially with � ). A common technique is to learn � -grams

for �

� 


�




�

�

������� and select the longest � -gram that matches the current testing trail [83]. This

processcan beviewed asaform of shrinkage: the length of the � -gram isameasureof it speci� city,

and one can combine multiple applicable � -grams by shrinking estimates with larger values of �

toward more general estimates with smaller values of � . Deshpande and Karypis [35] propose

using pruning techniques to reduce the model size and improve predictive accuracy. A drawback

of the � -gram approach is that it requires large volumes of data to train reliably and to ensure

adequate coverage of 2-, 3-, and longer � -grams. Another drawback, common to both � -gram and

Markov models, is that amodel that treatsURLsasunrelated, symbolic entitiescannot generalize to

previously unvisited pages. Also, � -gram modelsoften simply predict which pagewill be requested

next, and do not estimate the probability of that next request. The models our M INPATH algorithm

requires must produce avisit probability for each link for a given page in the site.

In Chapter 5 we discussed how Markov models could be used to predict web navigation. The

WebCANVASsystem [24] also usesMarkov models (mixtures of Markov models, in fact) to model

navigation, for the purpose of visualizing the resulting groups of users. Sarukkai [88] builds � rst-

order Markov models and Zukerman et al. [99] build � rst- and second-order models. Sarukkai

suggests several applications enabled by predicting navigation, including server pre-sending, client-

side highlighting of the user's next link, and automatic tour generation (i.e., automatically � nding

high-likelihood trails in the site and showing these to visitors). Experiments from both works show

that Markov modelscan predict thenext pagerequest relatively well; Sarukkai, for example, reports

a 50% predictive accuracy (i.e., 50% of the time, the page with the highest predicted probability

was the next page requested). Zukerman et al.'s second-order model performed better than their

� rst-order model, but an even greater gain was achieved by simply conditioning the model on the

set of available linkson theclient's referring document. M INPATH also conditions itsprobability in

thisway, and for thesamereason—the user is far more likely to follow a link from thecurrent page

than jump to a random page elsewhere in the site.

Other methods of web prediction are possible. Mladenić [72] proposed building nä�ve Bayes or
�

-nearest neighbor models to predict which link the user will follow given the text of the current

page, the possible destinations, and the pages previously viewed by the visitor. Our work with



115

relational Markov models differs in that we produce a probability distribution over the out-links,

instead of selecting only thesingle most likely one.

8.4.1 Web recommender systems

Mobasher et al. [73] proposebuilding frequent itemsetsof URLsviewed, and then suggesting pages

in these itemsets not yet seen. A partial user session is compared against each itemset to derive

a matching score, and each URL in the itemsets is rated by the set's matching score, the URL's

relevance to the itemset, and theminimum click-distance between theuser's current session and the

URL. Thehighest-rated URLsnot visited in thecurrent session aretherecommendations. Mobasher

et al. present anecdotal results showing that useful recommendations appear within the top 15 links,

but do not evaluate their approach on a wide range of real-world user sessions. In addition, this

method can serve only as a heuristic for page recommendation—unlike M INPATH, this approach

doesnot compute theprobability of visiting apage, nor an expected savings for links (their distance

formula is based on aminimum traversal, which may not bea reasonable assumption).

In later work, Mobasher et al. [74] combinetheir previoususage-based pageclustering approach

with a content-based approach: producing clusters of pages based on their textual features. They

present anecdotal evidence that each clustering schemecan � nd recommendations that theother did

not, but they do not demonstrate on real-world data which recommendations are, in fact, useful for

web visitors.

Yan et al. [96] model visitors asvectors in URL-space—an � -dimensional spacewith aseparate

dimension for each page at a site—and cluster them using traditional vector clustering techniques

(in their case, the leader algorithm). They explore various parameter values for leader, including

minimum cluster (membership) size and maximum distance between any page and the median of

thecluster, but leave for future work producing recommendations given these clusters.

Letizia [65] is a client-side agent that browses the web in tandem with the visitor. Based on the

visitor's actions (e.g., which links thevisitor followed, whether thevisitor records apage in abook-

marks � le, etc.), Letizia estimates the visitor's interest in as-yet-unseen pages. Unlike M INPATH,

which resides on a web server, Letizia isconstrained to the resources on the web visitor's browsing

device, and is thus not well suited to a wireless environment. In addition, Letizia cannot leverage
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the past experiences of other visitors to the same site—Letizia knows about the actions of only its

visitor.

WebWatcher [57], Ariadne [58], and adaptive web site agents [78] are examples of web tour

guides, agents that help visitors browse a site by suggesting which link each visitor should view

next. With the assistance of a tour guide, visitors can follow trails frequently viewed by others and

avoid becoming lost. However, tour guides assume that every page along the trail is important, and

typically are limited to only suggesting which link on a page to follow next (as opposed to creating

shortcuts between pages).

SurfLen [48] and PageGather [82] improve navigation by building lists of links to destinations

sharing acommon topic. SurfLen minesfor association rules, performing aform of “market basket”

analysis [1]. PageGather buildsaco-occurrence matrix of all pairsof pagesvisited and � ndsclusters

of pages frequently viewed in the same session. These algorithms suggest the top � pages that are

most likely to co-occur with the visitor's current session, either by presenting a list of links in a

window adjacent to the browser (SurfLen) or by constructing anew index pagecontaining the links

(PageGather). However, both of these systems assume the visitor can easily navigate a lengthy list

of shortcuts, and thus provide perhaps dozens of suggested links. M INPATH improves on these

algorithms by factoring in the relative bene� t of each shortcut, and suggesting only the few best

links speci� c to each page request.

SurfLen [48] and PageGather [82] suggest pages to visit based on page requests co-occurrent

in past sessions. SurfLen mines for association rules, performing a form of “market basket” anal-

ysis [1]. PageGather builds a co-occurrence matrix of all pairs of pages visited and � nds clusters

of pages frequently viewed in the same session. These algorithms suggest the top � pages that are

most likely to co-occur with the visitor's current session, either by presenting a list of links (Sur-

fLen) or by constructing a new index page containing the links (PageGather). However, both of

thesesystemsassumethevisitor can easily navigatealengthy list of shortcuts, and thusprovideper-

hapsdozens of suggested links. M INPATH improveson these algorithms by factoring in therelative

bene� t of each shortcut, and suggesting only the few best links speci� c to each page request.
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8.5 Adding conceptual knowledge to web pages

The goal of the WebKB project [31] is to populate a relational knowledge base given the textual

content and hyperlink connectivity of web pages. Thisgoal isdifferent from that of RMMs—RMMs

presume the existence of a relational model and predict transitions using the model. However,

it would be interesting to apply the WebKB learning approach to populate a model describing a

web site and use RMMs to predict navigation in that model. Although most e-commerce sites are

dynamically generated from database queries, many other large sites (e.g., corporate intranets or

academic institution web sites) exist only as large collections of static web pages. The WebKB

approach could prove fruitful for producing the relational information RMMs need for such static

sites.

Finally, much research has been done in recent years on classifying web pages (e.g., Pazzani

et al. [77], McCallum, et al. [69]). Any web page classi� er that yields class probabilities can in

principlebeused in placeof RMMsfor adaptiveweb navigation. However, many of theseclassi� ers

arebased on viewing web pagesasbagsof words, and areunable to takeadvantage of therelational

structure of the site. Incorporating bag-of-words information into RMMs may be useful and is a

direction for future work.
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Chapter 9

FUTURE DIRECTIONS

Our work on web personalizers demonstrates that automated techniques can improve the web

experience. Weoutlinebelow how onecould improveour existing systems, extend their capabilities,

and carry out further research in this general area.

9.1 The futureof PROTEUS

We noted in Section 4.5 that a weakness of content elision in PROTEUS was that links to elided

content wereindistinguishable from links to full-� edged content at thesite. A possible improvement

to this adaptation would be to annotate elided content links with a special symbol, such as “ [&]” ,

that would indicate how the original page had been modi� ed.

It would also be valuable to perform a more exhaustive study to determine the cost of user

actions ( �
' , � � , and

�

� scroll 
 in Equation 4.1). In our work we have assumed that the user is

equally likely to scroll to each subsequent screen on apage, but intuition also suggests that perhaps

the probability of scrolling at all (i.e., to the second screen) is much lower, and that scrolling to

subsequent screens is (conditionally) greater. That is, a visitor may scroll to the second screen

with probability 0.03, but will subsequently visit each following screen with probability 0.40. A

more rigorous user study to measure these parameters could greatly improve the quality of the

evaluation metric. Another direction would beto apply work from cognitivescience to moreclosely

model how humans understand online information, how they interact with it, etc. Drawing from

this foundation has led to impressive improvements in information visualization (for example, the

LineDrivesystem [2] for visualizing driving directions).

This thesis examined only three adaptations in PROTEUS—content elision, swapping content,

and adding shortcuts—but many others are possible and could prove useful. For example, instead

of replacing imageswith their HTML “alt” text, as PROTEUS doespresently, wecould scaleor crop
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images to reduce their sizes. This approach, used in Pythia [43], would retain more information

from the image but not overly burden mobile web clients. Another adaptation could help users

interact with web forms, by predicting the user's input and automatically � lling in � elds.

We implemented PROTEUS as a proxy to enable personalization of all web sites, requiring (and

expecting) no assistance from those sites' maintainers. However, someweb sites may wish to place

constraints on how content should bepersonalized, and arewilling to provideguidance to PROTEUS

to ensure these constraints are met. For example, a site designer might wish to specify that certain

elementson thepageare immutable (e.g., copyright noticeand link to privacy policy) but otherscan

be elided, rearranged, or added to. Perkowitz and Etzioni proposed the idea of adaptive HTML, or

A-HTML [81], an extension toHTML inwhich designerscould expresstheseconstraints in thebody

of the documents themselves. An interesting line of future work would be to formalize A-HTML,

restrict PROTEUS to obey these constraints, and explore how constraining thepersonalization could

perhaps reduce the disorientation that users experience when they browse from mobile devices.

9.2 The future of M I NPATH

It is clear that the quality of a shortcut link depends on the quality of the phrase that anchors it on

the originating page. A visitor seeking information about colloquia at a university is more likely

to follow a link labeled “Today's colloquia” than one labeled “Click here” or “Shortcut.” One way

to label shortcuts is by the " t i t l e # information from the destination page. This approach is

generally how search engines label search results, but the " t i t l e # may be missing, incorrect

or vague (e.g., “Homework” for a page at a university), or overly verbose (e.g., the concatenation

of each page topic along the path from the main entry page to each destination). An alternative

approach would be to generate perhaps several dozen candidate anchor phrases, and use a machine

learning system to predict which would be the best anchor. The candidates could be word phrases

from thedestination page, or acombination of wordson thedestination and (not) on theoriginating

page, or even phrases anchoring links to the same destination from other pages on the Web. The

candidates could be evaluated by a model trained using human-tagged anchor phrases and features

such as the source of the phrase, the TFIDF [87] value of the phrase compared to the source and

destination pages, etc.
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Theresults comparing M INPATH to thememory-based approach (Figure5.7) show, in part, that

M INPATH isnot making aseffectiveuseof aset of shortcutsaspossible. Wediscussed in Section 5.3

how M INPATH could beextended to condition expected savingson theset of shortcuts selected, and

evaluating thisapproach isan interesting next step. Another fruitful avenue to explore isemploying

higher-quality models. Combining M INPATH with relational Markov models improved M INPATH's

performance signi� cantly when training data is sparse. Other possibilities include higher-order

Markov models, models that condition on content of pages (e.g., conditioning on the page topic),

and models that condition on broader browsing context (e.g., the context used by MONTAGE). It

would also be useful to explore other means of assigning visitors to clusters (i.e., mixture model

components). One possibility would be to allow the user to optionally choose which archetypal

behavior best � tshis or her browsing patterns.

Finally, a valuable extension of this work would be a � elded user study, combining M INPATH

with relational Markov models and deploying the system on one or moreweb sites. A � elded study

improves on our earlier evaluation of M INPATH by avoiding the simplifying assumptions we made

regarding user navigation. The M INPATH models would likely be re-learned often, to account for

the in� uence that the automatically-created shortcuts may have on the navigation. The subtlety of

the experiment is in measuring the success of a shortcut. For example, if a user follows a shortcut,

and then navigates from that destination, then the shortcut was probably bene� cial to the visitor.

However, if a user follows a shortcut and immediately follows another link from the original page,

then the shortcut may not have been useful, or, it did satisfy the user's then-current goal, and the

user is now exploring for a new goal. One way to discern between these cases is to collect exit

surveys from a sample of users, asking whether they found the content they were looking for, and

then extrapolate these results to the larger population.

9.3 The futureof relational Markov models

Relational Markov models are a fertile ground for continued research, both in directly extending

RMMs and in applying the relational ideas to other probabilistic models. An immediate area to

pursue is in further developing the RMM-PET approach, by building PETs to predict � ner parti-

tions among the destination abstractions. An interesting evolution of RMMs is to relational hidden
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Markov models, where both the states and the observations are described by typed relations and

shrinkage is carried out over their respective abstractions. Another direction is incorporating a

model cluster identity into the transition probability, such as the identity of a cluster of visitors at

a web site, and shrinking between many models learned for different sizes and scope of user clus-

ter (such as a single user, a cluster of similar users, and the set of all users at the site). A third

path of research is to apply RMMs to other domains, such as mobile robot localization or speech

recognition.

Chie� y important to relational Markov models is the relational information: if the relational

structure is uninformative, then RMMs are no more useful than PMMs. In our applications the

relational structure was readily available, but a direction of future work would explore how the

structure can be learned, and the trade-off between quality of relational structure and predictive

accuracy of the RMM. We discussed earlier how a machine learning approach, such as used in the

WebKB project [31], could learn where pages belong in a relational structure schema, given the

schemaand aset of training instances. Another areaof future work is to learn thestructural schema

itself (i.e., therelationsand theabstractions of member states). Theidea in TUBA [55], of clustering

states based on their utility functions, could similarly be applied here by clustering states based on

their transition probability distributions. A hierarchical clustering could produce abstractions of

states, but learning anon-trivial lattice of abstractions ismoresubtle.

9.4 The future of M ONTAGE

The MONTAGE user study highlighted several aspects of the system for improvement. One is the

speed of loading the montage; thecurrent system can require asmuch as30 seconds to load amon-

tage. Theprimary bottleneck lies in how theMONTAGE proxy isarchitected—a singleunresponsive

server can stall the proxy and cause the entire montage to load slowly. Instead of fetching montage

content only on-demand, MONTAGE should pre-fetch content at regular intervals (or, at intervals

suggested by the user model). Alternatively, MONTAGE could � nesse the main montage load time

issue altogether by using a text- and links-only main montage, with graphical embedded-content

montages only for topic-speci� c views.

Although MONTAGE presently collects user models at a central proxy, each montage is based
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on only one visitor's user model. A useful extension would enable collaborative � ltering between

groups of similarly behaving users. For example, a group of machine learning researchers may

view several common sitesbut only oneof thegroup hasdiscovered anew machine learning related

resource (e.g., a new conference web). A collaborative montage could display the new resource for

all members of the group, based on the information that the new site is machine learning related,

matching the interests of all group members. Of course, aswith all collaborative � ltering work, one

must carefully guard the privacy of members.

Another extension would enable users to more directly control the content displayed on the

montageand thesystem trade-offs in theuser model and in suggesting content. For example, MON-

TAGE users could optionally suggest content and links to include or exclude from the montage, and

MONTAGE would display the manually- and automatically-selected components to the best of its

ability. Users could also place constraints on how the content is displayed, for example, requiring

that some particular web clipping always appears in the upper-right corner. To in� uence the under-

lying user model, theuser could, for example, adjust the relativeweightsgiven to cost of navigation

and value of information, thus indirectly controlling how frequently content isembedded or simply

linked from the main montage. The user could also give MONTAGE feedback about its selection of

content, either by rating individual suggestions, or by manually adding or removing items from a

montage.

A � nal extension is enabling MONTAGE to dynamically select the level of granularity to model

content topics. A machine learning researcher will likely want more � ne resolution about web sites

than “Computers & Internet,” , but will not need nor want � ner granularity uniformly among all

topics. MONTAGE could place each page in a � nely-structured topic hierarchy, and then display

only those sub-topics receiving at least some threshold proportion of pages.

9.5 New directions

9.5.1 Mixed-initiative user modeling

A predominant weakness of automated personalization techniques is that automated user modeling

builds only ablurry imageof the user. For example, the PROTEUS model based on words occurring

in pages viewed gives only a general indication of the words that the visitor apparently tends to
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prefer. Of course, these words may not be indicative of the content the user is actually viewing (for

example, the text of advertisements may differ greatly from the text central to the page).

Asan alternative, several systems allow (in fact, require) that users state their interests up front.

Theclear advantage is that thiscommunication isclear—the personalizer need not guess thisaspect

of the model. Unfortunately, few users are willing to expend this effort initially. An interesting line

of research would be to combine these approaches: automatically build an approximate model, and

allow the user to augment and correct any aspects of it he or she chooses. A twist on this approach

uses active learning [29]: the personalizer proposes questions to the visitor that would maximally

improve the quality of the model with minimal effort. The DIAManD interface [94] takes this

general approach.

9.5.2 Personalizing non-web interfaces

Personalizing web sites is a stepping stone to to personalizing more general-purpose interfaces, in

which users can alter the state of the underlying system (as opposed to simply navigating through

it). A key challenge in personalizing such an interface lies in modeling how the interface is used,

and thus what adaptations are allowed. A logical extension of our model of web interactions would

be to model applications as state-based processes where the state encodes the con� guration of the

entire application—the dialogs and windows displayed, the content of documents, etc.—and the

transitions are actions a user can take. Although the state space is potentially in� nite, effective

inference ispossible using relational Markov models.

9.5.3 Adapting declarative interfaces

Theweb models our personalizers have used are based largely on the graph nature of thepages and

links. However, a competing approach is to model sites at a higher, abstract level (as described in

Chapter 2), separating thesite into data, structure, and presentational elements [40, 7]. Each of these

aspects isspeci� ed separately be the web site designer, and thedataand structure areoften selected

declaratively, in theform of queriesover adatabase. Asseparateelements, theweb sitepersonalizer

can transform each aspect of the site independently for both a computational cost savings and for

an expected utility gain. For example, when the data on the site is separated from its presentation,



124

the personalizer can very precisely tune what content the visitor will see—largely independently of

how thecontent iscurrently presented. Moreover, thedeclarativespeci� cation for dataand structure

allowsthepersonalizer to moreeasily reason about thesite(i.e., theagent need not infer thestructure

by analyzing HTML pages).
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Chapter 10

CONCLUSIONS

Most web sites today are designed with a one-size-� ts-all philosophy: a single view of the

content and navigational structure for every visitor under all conditions. But one size frequently

does not � t all: visitors browse from different devices, look for different content, and have different

styles of navigation. In order to maximize thevalueof aweb interaction, wepropose to personalize

theexperience for each user.

We view web personalization as a two-step process, of � rst modeling the users and then adapt-

ing the content to best meet the needs of each user (or group of related users). In this thesis we

have described this process in detail (Chapters 1, 2, and 3), built two personalizers based on this

architecture (PROTEUS, in Chapter 4 and MONTAGE, in Chapter 7), and developed the M INPATH

algorithm (Chapter 5) for use in PROTEUS.

Thisthesisaddressed twoprimary questions. First: How can automated personalization improve

theweb experience? To answer thisquestion, webuilt and � elded two web personalizers, PROTEUS

and MONTAGE, that automatically adapted the web experience for mobile and desktop users, re-

spectively. Data from our user studies suggest that the personalized views of content did help web

users achieve their goals, but personalizers must take care to not inconvenience users (e.g., hiding

visual cueson thepage or shifting the placement on thescreen of often-followed links). MONTAGE

was perhaps more successful than PROTEUS because MONTAGE only created new pages and never

modi� ed existing content (thus never giving itself an opportunity to disorient users on existing web

pages). But, for mobileweb users, adapting existing content isanecessity. Thechallenge for future

mobile content personalization is identifying which visual elements users rely on for navigation,

which elements are useful content for users, and which elements are super� uous and should be

removed.

The second question we addressed was: How can automated personalization scale to adapt

content for each visitor at each page impression? This question embeds two parts—scaling to
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real-time performance, and scaling to individual users—and we address both. On the run-time

side, the original PROTEUS implementation required on the order of minutes to adapt a page for

a mobile visitor, and this delay is too long. We developed our M INPATH algorithm (Chapter 5),

in part, to directly address this concern, by � nding shortcut links ef� ciently. Learning the models

underlying M INPATH (e.g., traditional or relational Markov models) requiresareasonableamount of

timefor batch processing, on theorder of minutes to learn from tensof thousands of past sequences

on thousands of web pages. The on-line performance task—� nding shortcuts for a page given a

learned model and current trail pre� x—requires less than onesecond for reasonable results, and this

number can be reduced by adjusting the recursion bounds in the M INPATH algorithm (depth bound

and probability threshold in Table5.1).

The other part of the second question is scaling to individual visitors and individual web pages.

PROTEUS personalizes content for each visitor, but makes inef� cient use of the data available, by

ignoring all but thedatafor asinglevisitor at atime. M INPATH makesmuchbetter useof thetraining

dataavailable, by clustering users together and learning models for each cluster. In order to scale to

individual web pages, where training data may be sparse or non-existent, we developed relational

Markov models (Chapter 6), which learn models of navigation at varying levels of abstraction, and

can rely on higher levels of abstraction when training data issparse at themore speci� c levels.

10.1 Contr ibutions

This thesis has made the following contributions:

1. Precise statement of web personalization problem. Chapter 2 outlines the space of web

personalization systems and provides precise de� nitions of a web site and a web visitor, and

how web navigation is modeled. Chapter 2 uses these de� nitions to state the web personal-

ization problem: given aweb site, log data describing past behavior, and acurrent user, adapt

the page requested by the current user to maximize expected utility.

2. Framework for personalization as search. Drawing inspiration from Perkowitz and Et-

zioni's earlier work on adaptive web sites [80, 82, 79], we develop a richer model of a web

site and a more sophisticated model of web site utility. The model of a web site includes the
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set of relations between web pages (or web content objects, in general), allowing a person-

alizer to infer generalizations from these relations. The web site utility model calculates the

expected utility of the site for a given visitor, and is based on the value of the content and the

probability thevisitor will view each page.

3. Ef� cient approach to � nding shortcut links. To personalize content in real-time, we de-

veloped the M INPATH algorithm to � nd shortcut links ef� ciently (Chapter 5). M INPATH

leverages the past behavior of a large population of visitors to the site (as opposed to asingle

user) and learnsprobabilistic modelsof web navigation, including Markov modelsand hybrid

Markov modelsand clustersof models. M INPATH iscapableof � nding valuableshortcuts fast

enough for personalizing content on-the-� y for each visitor.

4. Development of relational Markov models. In Chapter 6, we developed relational Markov

models, described where they are applicable, and discussed how they relate to other prob-

abilistic models (Section 6.5). We showed in experiments that relational Markov models

outperform traditional Markov models for predicting web navigation when data issparse, and

that they can improve M INPATH's performance by 50% to 80%. The techniques underly-

ing relational Markov models—endowing states with relational information and performing

shrinkage based on lattices of abstraction—are applicable to many other models aswell.

5. Evaluation of several systems. Throughout this thesis, we have presented experimental re-

sultsevaluating our approach, including two user studies (Sections4.5 and 7.5). Theevidence

supports our innovations and points to where future efforts should be concentrated.

10.2 Conclusion

The number and complexity of user interfaces with which we interact continues to increase. In-

telligence in these interfaces, and personalization in particular, is a necessity in order that we may

manage this growth. Personalizing the web experience is a step in this direction, as the web is the

preeminent interface to online information systems. Thetechniques described in this thesis improve

users' ability to accessinformation, and aim to serveasgroundwork for futurepersonalized interface
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and intelligent user interface efforts.
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Appendix A

PROTEUS USER STUDY QUESTIONS

� “What is the top editor's choice for � device at cnet.com?”, where � device was one of: a

“semipro” digital camera; an ultralight laptop; a Palm OS handheld; a CD-RW; a � at panel

display.

� “What is the best price for � device at cnet.com?”, where � device was one of: a “semipro”

digital camera; an ultralight laptop; aPalm OShandheld; aCD-RW; a � at panel display.

� “What is the current stock value of � ticker  ? Start at � nance.yahoo.com”, where � ticker  is

in the set MSFT, YHOO, AMZN, ATHM, PALM, HAND, OMNY, AVGO, MCOM, RIMM,

INSP, EBAY.

� “What is the52-week range for � ticker  ? Start at � nance.yahoo.com”, where � ticker  is in the

set MSFT, YHOO, AMZN, ATHM, PALM, HAND, OMNY, AVGO, MCOM, RIMM, INSP,

EBAY.

� “What stocks were � upgraded/downgraded to a � strong buy, buy, hold, sell  rating today?

Start at � nance.yahoo.com”

� “Find the research pro� le for � company . Start at � nance.yahoo.com” � company is one

of: Microsoft, Yahoo, Amazon.com, Excite@Home, Palm, Handspring, OmniSky, AvantGo,

Metricom, Research In Motion, InfoSpace, eBay.

� “What is the average analyst rating (recommendation) for � company . Start at � -

nance.yahoo.com” where � company is one of: Microsoft, Yahoo, Amazon.com, Ex-

cite@Home, Palm, Handspring, OmniSky, AvantGo, Metricom, Research In Motion, InfoS-

pace, eBay.
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� “Find � item for sale and report the highest bid (or report that none is for sale). Start at

www.ebay.com.” . � item was one of: an Olympus D-340R digital camera; a Nikon Coolpix

950; a Nikon Coolpix 990, a Palm Vx, a Samsung Syncmaster 150mp � at panel display,

a Pentax K-mount wide-angle lens, a Pentax K-mount 70-200 zoom lens, a Pentax K-mount

telephoto (300mm or longer) lens; a1900 Morgan Dollar; a1938 Walking Liberty half-dollar,

S mint mark; a 1976 proof quarter-dollar, S mint mark; a US commemorative “Hudson” half

dollar circa 1935.

� “ � When/Where is the lecture for CSE � class ? Start at www.cs.washington.edu”, where

� class wasone of: 505, 531, 533, 573, 589, 594.

� “ Is � room available at � time on � date ? Start at www.cs.washington.edu”, where � room 

waseither Sieg Hall 322 or Sieg Hall 114 and � time , ranged from 9:00 to 4:00 (by hour), and

� date ranged from November 13th to November 17th.

� “What of� ce is � person in? Start at www.cs.washington.edu”, where � person was one of

sixteen selected graduate students or faculty at the University of Washington.

� “What is the topic of the upcoming colloquium, if any? Start from www.cs.washington.edu.”

� “ Is the colloquium in Sieg or in Kane, if any? Start from www.cs.washington.edu.”

� “What is the top breaking news for today at cnn.com?”

� “What is the top business news for today at cnn.com?”

� “What's the latest news about � topic at cnn.com?”, where � topic was chosen from: the

� rst resident mission to the International Space Station (ISS); violence in the Mideast; the

attack on theUSSCole; theU.S. presidential race; theMicrosoft hacker attack; theSingapore

Airlines plane crash in Taiwan.
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Appendix B

RELATIONAL SCHEMATA FOR EVAL UATION SITES

B.1 www. gazel l e. com

The relations for www. gazel l e. comtake up to three parameters: Assortment, Product, and

Collection. The domain hierarchies for these parameters are described explicitly in the KDDCup

2000 data.

� Home()

� Boutique()

� Departments()

� Legcare vendor()

� Lifestyles()

� Vendor()

� AssortmentDefault()

� Assortment(Assortment)

� ProductDetailLegcareDefault()

� ProductDetailLegcare(Product)

� ProductDetailLegwearDefault()

� ProductDetailLegwearProduct(Product)

� ProductDetailLegwearAssortment(Assortment)

� ProductDetailLegwearProdCollect(Product, Collection)
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� ProductDetailLegwearProdAssort(Product, Assortment)

� ProductDetailLegwear(Product, Collection, Assortment)

B.2 www. cs. washi ngt on. edu

The structure for www. cs. washi ngt on. edu/ educat i on/ cour ses/ was derived by

reverse-engineering the structure of the existing site. The Term and Course domain hierarchies

each contain a root node, a level of interior nodes (grouping courses by undergraduate, graduate,

etc. and grouping termsby theacademic year), and theground leaf values. URL variables areURLs

relative to the particular CourseSite(Course) or CourseOccurence(Course, Term) to which

they apply. The domain hierarchies for URL and most other variables are � at, comprising only the

root node and many leaf values.

� CourseWebs()

� CourseSite(Course)

� CourseSiteOther(Course, URL)

� CourseOccurence(Course, Term)

� CourseOccurenceOther(Course, Term, URL)

� CourseSampleCode(Course, Term, URL)

� Administrivia(Course, Term, URL)

� AllCoursework(Course, Term)

� CourseworkGeneralOther(Course, Term, URL)

� Coursework(Course, Term, Number)

� CourseworkCode(Course, Term, Number)

� CourseworkOther(Course, Term, Number, URL)

� Turnin(Course, Term, Number)
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� AllExams(Course, Term)

� Exam(Course, Term, URL)

� AllLectures(Course, Term)

� LectureOtherGeneral(Course, Term, URL)

� Lecture(Course, Term, Number)

� LectureOther(Course, Term, Number, URL)

� MailIndex(Course, Term, SortBy)

� MailMessage(Course, Term, Number)

� Section(Course, Term, Section)

� SectionOther(Course, Term, Section, URL)
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Appendix C

WEB LOG MINING

Web logs hold a wealth of information, much of which we have used in the work in this thesis.

However, this information is often mired in a sea of misinformation: requests for pages that do not

exist, transactions by users masquerading as others, interactions with content never requested from

the server, etc. In this appendix, we outline several state-of-the-art techniques for separating the

wheat from the chaff of web logs: inferring which visitor requested which pages, � lling in missing

requestshidden by proxies and caches, and building thesessions and trailsused by web datamining

systems. Although most of these techniques are used by researchers and practitioners, few have

been treated in detail in the literature. One notable exception is discussion of the WEBMINER

system [30], which describes how WEBMINER transforms an existing server access log into web

sessions. Hereweprovide moredetails on how to build better logs, and how to infer web trails.

C.1 Theweb log

A web log isa transcript of transactions madebetween aset of usersand aset of servers. FigureC.1

showsseveral linesof a typical log. For historical reasons, many web logsuse thesameformat. The

� elds are separated by white space, typically a single space, although some � elds are additionally

quoted. Referring to FigureC.1, in order from left to right, themost important � elds in the logsare:

� Web client computer. Either an IPaddressor thecomputer name. In an anonymized web log,

this entry isomitted or replaced with aunique identi� er that hides the client's true identity.

� Time and date of request. Often in square brackets, and including time zone offset from

Greenwich Mean Time.

� Requested document. Technically, the � eld in the quotation marks is the � rst line sent from

theclient in theHTTPrequest. The� rst term is theHTTPverb: GET, HEAD, or POST being
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rockhopper - - [01/Feb/2002:13:02:34 -0800] ”GET /homes/corin/ HTTP/1.0” 200 - ”-” ”Mozilla/4.79 [en] (X11; U; Linux 2.4.7-UP.26 i686)”
rockhopper - - [01/Feb/2002:13:02:36 -0800] ”GET /orgs/student-affairs/gsc/tgif/ HTTP/1.0” 200 1350

”http://www.cs.washington.edu/homes/corin/” ”Mozilla/4.79 [en] (X11; U; Linux 2.4.7-UP.26 i686)”
rockhopper - - [01/Feb/2002:13:02:37 -0800] ”GET /orgs/student-affairs/gsc/tgif/schedule.html HTTP/1.0” 200 3999

”http://www.cs.washington.edu/orgs/student-affairs/gsc/tgif/” ”Mozilla/4.79 [en] (X11; U; Linux 2.4.7-UP.26 i686)”
the4cs - - [02/Feb/2002:19:19:12 -0800] ”GET /homes/corin/job/ HTTP/1.0” 200 3216 ”-”

”Mozilla/4.75 [en] (X11; U; Linux 2.2.16-22 i686; Nav)”
the4cs - - [03/Feb/2002:23:15:40 -0800] ”GET /homes/stevaroo/ HTTP/1.0” 200 1614 ”-” ”Mozilla/4.75 [en] (X11; U; Linux 2.2.16-22 i686; Nav)”
rockhopper - - [04/Feb/2002:09:20:59 -0800] ”GET /490i HTTP/1.0” 302 246 ”-” ”Mozilla/4.79 [en] (X11; U; Linux 2.4.7-UP.26 i686)”
rockhopper - - [04/Feb/2002:09:20:59 -0800] ”GET /education/courses/cse490i/CurrentQtr/ HTTP/1.0” 200 16189 ”-”

”Mozilla/4.79 [en] (X11; U; Linux 2.4.7-UP.26 i686)”
rockhopper - - [04/Feb/2002:09:20:59 -0800] ”GET /home/cse.css HTTP/1.0” 304 - ”-” ”Mozilla/4.79 [en] (X11; U; Linux 2.4.7-UP.26 i686)”
rockhopper - - [04/Feb/2002:09:20:59 -0800] ”GET /home/cse2.js HTTP/1.0” 304 - ”-” ”Mozilla/4.79 [en] (X11; U; Linux 2.4.7-UP.26 i686)”
rockhopper - - [04/Feb/2002:09:21:04 -0800] ”GET /education/courses/cse490i/CurrentQtr/overview.html HTTP/1.0” 200 7883

”http://www.cs.washington.edu/education/courses/cse490i/CurrentQtr/” ”Mozilla/4.79 [en] (X11; U; Linux 2.4.7-UP.26 i686)”
rockhopper - - [04/Feb/2002:09:21:04 -0800] ”GET /home/cse.css HTTP/1.0” 304 - ”-” ”Mozilla/4.79 [en] (X11; U; Linux 2.4.7-UP.26 i686)”
rockhopper - - [04/Feb/2002:09:21:04 -0800] ”GET /home/cse2.js HTTP/1.0” 304 - ”-” ”Mozilla/4.79 [en] (X11; U; Linux 2.4.7-UP.26 i686)”
rockhopper - - [04/Feb/2002:09:22:12 -0800] ”GET /education/courses/cse490i/CurrentQtr/slides.html HTTP/1.0” 200 8529

”http://www.cs.washington.edu/education/courses/cse490i/CurrentQtr/overview.html” ”Mozilla/4.79 [en] (X11; U; Linux 2.4.7-UP.26 i686)”
rockhopper - - [04/Feb/2002:09:22:12 -0800] ”GET /home/cse.css HTTP/1.0” 304 - ”-” ”Mozilla/4.79 [en] (X11; U; Linux 2.4.7-UP.26 i686)”
rockhopper - - [04/Feb/2002:09:22:12 -0800] ”GET /home/cse2.js HTTP/1.0” 304 - ”-” ”Mozilla/4.79 [en] (X11; U; Linux 2.4.7-UP.26 i686)”

Figure C.1: Sample web log entr ies. Each non-indented line represents a distinct HTTP request
made to www. cs. washi ngt on. edu. Indented lines continue the previous line's entry.

themost common. A GET request asks for thecontent of thedocument. HEAD asksonly for

the HTTP headers for the document—no content is sent. A POST request allows the client

to send additional data to the server, for example, when making an e-commerce transaction.

The second term is the document being acted upon, usually relative to the local server (i.e.,

without the leading http://). The � nal term refers to the version of the HTTP that the client

conforms to. HTTP/1.0 and HTTP/1.1 are most common.

� Server response. The web server sends a numeric status code to the client indicating the

outcome of the HTTPrequest. Most common status codes are:

– 200: the document requested existed and wasdelivered.

– 301: theURL for thedocument haschanged and theclient should use thenew URL (the

server informs the client of the new URL)

– 302: the document exists under anew URL but the client should continue using the old

URL.

– 304: the document has not changed (i.e., the client should use the content stored in its

local cache).

– 404: the document could not be located on the server.
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� Referr ing document. When a client requests a document from a server, the client often

provides the server the URL of the source of the request (i.e., the URL of the page where the

link was found). When this information isomitted (for example, if auser followed apersonal

bookmark, which does not have a URL), the � eld contains “-” .

� Web browser descr iptor. Also called the user-agent, this string describes the visitor's web

browser. Most browsers identify themselves as “Mozilla” with additional information, such

as the version number, the operating system, and perhaps the client language locale. The

user-agent can also help identify web spiders; typically, any user-agent that does not conform

to the standard descriptors (i.e., those containing “Mozilla” ) is a spider. Also, spider web

browser names may contain “bot,” “spider,” or “crawler.”

� User identi� er. Not shown in Figure C.1, one additional common � eld is a unique user

identi� er, or cookie. This identi� er is given to the visitor in the � rst HTTP request their

browser makes, and the visitor's browser sends this cookie to the server on each transaction.

C.2 Identifying users

Oneof the � rst steps in preparing web log data is to separate thepage requestsmadeby each unique

visitor to thesite. Themost reliable approach is to ask users to log in with ausernameand password

each session they visit thesite. Of course, requiring visitors toexplicitly log inmay driveaway aweb

site's customers, as well as add to the overhead of maintaining adatabase of users and passwords.

A morecommon technique that offersalmost thesamequality of matching users to requests isto

sort by the users' unique identi� er cookie. For users who accept and transmit cookies, this method

will correctly segregate browsing by visitors1. Unfortunately some users prefer to reject cookies;

for this group of visitors, the next best approach is to group together requests by client computer

name or IP address. This approach will work well to group requests made in the same site-session,

1There are methods to maliciously confuse a web server using cookies; for example a visitor could manually change
the value of their cookie to that of another visitor's cookie. A web site administrator must certainly ensure that their
system issecure in the face of adversaries, but in thisappendix we will assume that no such opponents exists.
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but often is insuf� cient to track a user over a long period of time (because, for example, visitors

entering from adial-up modem may have adifferent machine name and address each visit).

All these approaches, however, are stymied by web proxies: third-party servers on the Web

through which remote visitors direct all their browsing. The proxy caches web content on its local

disks and passes along a request only when the local copy is out-of-date or missing. Thus, the

proxy hides requests made by multiple visitors, and, even for individual requests, obscures the

visitor's client computer name. To avoid the hidden-cached-content effects, a web server can mark

itscontent asnon-cacheable; thus, each request must besent to theserver. Of course, non-cacheable

content can greatly increase the server's load, so this option should be chosen only for pages that

truly should be tracked (e.g., logged requests for inline images are often not useful for mining, so

thiscontent need not bemarked non-cacheable). To decon� ate theclient computer name, theserver

can issue cookies to the client.

C.3 Gather ing data

The content of web logs is often only requests made for web pages and images on the server—the

logsdo not contain information about how users interact more � nely with content, or about requests

made to other sites. We can peer into these additional actions using two popular techniques: web

bugs and server-side redirection.

C.3.1 Web bugs

A web bug is a small inline image, typically 1-by-1 pixel, that is embedded on the web page.

Whenever thevisitor viewsthepage, thewebbug imageisrequested, and, thus, anHTTPtransaction

is recorded in the server log. We can use web bugs to observe whenever a visitor views or leaves

a web page, even if that page is in the browser's cache. On each page we would like to monitor,

we place a web bug and some JavaScript code that � res on the onLoad and onUnload events (see

Table C.1). The code directs the browser to change the URL of the web bug, which generates a

request to theserver. Thecode includes arandom string in theURL, which is ignored by theserver,

to ensure the browser will not fetch the web bug image from its cache. The result is that, whenever

the user views (loads) the page or moves elsewhere (unloads), the web bug changes and the server
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Table C.1: JavaScr ipt web bug. Whenever a user views (loads) the HTML page or leaves to view
another page (unloads), the web bug / i mages/ 1x1. gi f is requested. The web bug URL is
adorned with theURL of the page; a random number ensures the request has not been cached.

<HTML>
<HEAD>
<SCRI PT l anguage=" JavaScr i pt " ><! - -
f unct i on l ogpage( di r ) {

var ur l = l ocat i on. hr ef
var i = ur l . i ndexOf ( " ?" )
i f ( i > 0)

ur l = ur l . subst r i ng( 0, i )
var r and = Mat h. r andom( )
i m = " / i mages/ 1x1. gi f ?" + di r +

" &" + ur l + " &" + r and
document . i mages[ ' 1x1' ] . sr c = i m

}
/ / - - ></ SCRI PT>
</ HEAD>
<BODY onLoad=" l ogpage( ' l oad' ) " onUnl oad==" l ogpage( ' unl oad' ) " >
<I MG ALT=" " WI DTH=" 1" HEI GHT=" 1" NAME=" 1x1" SRC=" / i mages/ 1x1. gi f " >
</ BODY>
</ HTML>

is informed, all without any apparent change to the visitor's view of the document.

C.3.2 Server-side redirection

Linksfollowed on aweb siteto other pageson thesameserver will usually beobserved by theserver

(modulo requests hidden by proxies). Requests made off-site, to servers elsewhere on the Web, are

not reported. This information may beof interest, however; asitemay wish to know which linksare

used by its visitors, regardless of the � nal destination. A technique to garner this information that

has become popular recently is to redirect all links pointing off-site to a special script on the web

server. This script does nothing more than direct the web server to return an HTTP status of “302:

Temporarily moved” and send along the off-site URL (which was passed to the script in the HTTP

GET request). The server records the HTTP status, and the user's client then makes the request to

the off-site server. The disadvantages of this approach are that it increases the web server load and

increases thevisitor's delay in reaching the destination of the link. However, the gain in knowledge



149

about siteusage isoften worth thisprice. Further, thesecostscan bereduced by enabling server-side

redirection on only a fraction of the web requests, usually with an insigni� cant effect on accuracy.

C.4 Cleaning data

Given a log of web content accesses for a single visitor, the next step in the web log preparation

pipeline is to remove requests that are irrelevant and to infer requests that are missing. For con-

venience, let us assume that the object is to model how users interact with pages (as opposed to

sub-page objects, such as images); this assumption often holds in practice. Then, we may remove

any log entries made for URLs whose extension is a known non-page type (e.g., .gif, .jpg, .png,

etc.). To be more complete, what we could do is parse each HTML page on the site, glean what

objects areembedded on thepage, and form a“kill list” of content to ignore. Thisapproach ismore

complete because it would include embedded frames, which are HTML pages that appear as part

of other pages, and images or other embedded content using non-standard naming conventions. Of

course, the cost of parsing every web page on asite may beprohibitively expensive.

Another heuristic for inferring requests for embedded objects is the time delay between HTTP

requests. If several web objects are requested within one to three seconds of each other, then it is

quite likely that the requests after the � rst one are made automatically by the web browser, and not

by the visitor quickly following several links. Thus, we may omit any requests made within a few

seconds of a previous request. (Also of bene� t is to compare the subsequent requests' referrer � eld

with the previous request; if they match, the subsequent request is more likely to be an embedded

object.)

Besides automatically requesting embedded content, web browsers may also request content

on a regular time frequency if the page requests it. For example, cnn. comuses the “http-equiv”

" met a # tag to indicate the page should be refreshed every 30 minutes. Thus, if the user viewed

cnn. comat the end of the day on a Friday and did not return to the computer until Monday, then

the server would have recorded over 100 page impressions for the site. Of course, none of those

visits were “real” and should be removed if the goal is to model the user's actual navigation. In our

MONTAGE work (Chapter 7), we compute the statistical mode of the revisit interval for each URL

and, if at least 10% of the intervalsbelong to themode, weremoveany requests that aremadewithin
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asmall tolerance of themode. Thus, weeffectively remove thesecond, third, fourth, etc. request for

apage, but leave the � rst request (the actual visit the user made) intact.

Finally, not all pagevisitswill generate arequest to theserver; somemay beful� lled by aproxy

or theclient browser's cache. Wecan infer these missing visits, however, by � nding a likely path in

the web site between each actual web request (and also taking into account each request's referring

URL). Thesimplest caseiswhen subsequent requestsaremadefollowing alink from thepreviously-

requested page. If thevisitor usesthebrowser back navigation button to apreviouspageand follows

a link, the server will see the request and the referring page; we can build a tree of this behavior as

theshortest distance is the inferred “back” navigation (this technique isused in WEBMINER [30]).

If theuser followed several links serviced by acache, and then a link that generated arequest to the

server, wecan hypothesize likely paths through thesite (perhaps using thesame traversal algorithm

as in M INPATH) between the last-known and present locations.

C.5 Sessionizing

The � nal step in mining the golden data from the web log mountain is to generate web sessions

or trails. Techniques for generating (and de� nitions of) sessions and trails vary, but the common

elements are: sessions are coherent requests in time, and trails are sessions coherent in space.

C.5.1 Building sessions

Intuitively, asession is thesequence of page requests madeby auser in one“visit” to thesite. More

practically, a session is a sequence of page requests by a single user, each made within a small

amount of time of the previous one, and followed by an idle period. The threshold for the idle

timeout length can vary from 5 minutes to 30 minutes with approximately equivalent results.

C.5.2 Building trails

A trail is a sequence of page requests in which each subsequent request was made by following a

link on the previous page, and doing so within a � xed amount of time (5 or 10 minutes). A session

may give rise to many trails—one for each contiguous path of links followed. A session may form

atree (or forest) of navigation in aweb site; a trail isapath from the root to a leaf in that tree. Thus,
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a single session may contain many trails, and the trails will likely contain the same requests (i.e., a

page request may belong to many trails, although to only one session).

C.6 Summary

This appendix summarizes the state-of-the-art in producing, cleaning, preparing, and mining web

server access logs. Most of these techniques are used in research systems or � elded sites, although

few written works have been published codifying them.
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