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General Information
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o WWW2007
— Organized by World Wide Web Consortium (W3C)

— 12 tutorials, 8 workshops, 4 plenary speakers, 111
refereed papers, 119 posters, 7 panels, and 12 invited
Industry speakers.

— The acceptance rate for refereed papers was 15%



eneral Information

« Paper research fields

O Search

B Semantic Web

OData Mining

OSecurity, Privacy, Reliability and Ethics
B Web Services

O Browsers and User Interfaces

W E*x Applications

OPerformance and Scalability

B Technology for Developing Regions
B Web Engineering

OXML and Web Data

O Industrial Practice and Experience
B Pervasive Web and Mobility
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o« Poster research fields

General Information

O Search and Data Mining

B Semantic Web

OUser Interfaces and Accessibility
OSocial Networks

B Veb Services

O Systems

W XML and Web Data

O Technology for Developing Regions
B VWeb Security




General Information

| N R |

« Search, Data Mining & Semantic Web
— Still hotspots
— 46.85% In refereed papers
— 52.94% in posters
— Similar with WWW2005 (47% in refereed papers)

o User Interfaces
— More and more attractive

« XML and Web Data
— 12% in 2005, about 5% in 2007
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General Information

Some Interesting Topics
— User behavior analysis
— Evaluation issues

— Spam identification



User behavior analysis

i I N R |

 Workshop

— Query Logs Alone are not Enough
* Papers

— Web N.0: What science will it take?

— Google news personalization
— Optimizing Web Search Using Social Annotations

» Posters
— |dentifying Ambiguous Queries in Web Search



Query Logs Alone are not Enough
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e Carrie Grimes et al, Google Inc.

* Do we really need query logs?

— Query logs are one of the largest sources of data
potentially available to a search engine.

— Collecting query logs may cause problems
e accidentally or intentionally released to the public
 misused in some way internally
« Potential threats to the privacy of the users

« “AOL search-query scandal”: CTO Maureen Govern has
decided to leave the company immediately.



Query Logs Alone are not Enough
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e |n order to “understand” the intent of the search query,
there are several information sources

— Supervised lab studies (one on one interaction)

— Instrumentation or other passive observation technology
(web based application or software sending back data)

— Query logs created by user transactions

e Conclusion: Query logs contain unique data that can
significantly improve search engine performance



Query Logs Alone are not Enough

~ » Comparison

Depth “Naturalness” Flexibility
Field Studies Very detailed Obseﬁeﬁ‘ may be Altered nudstream
artificial tasks

Observes computer

Natural. may be edited | Hard to change data

Panels environment, multi- i
: by user collection
tasking
Liuted; no Easy to run
Query Logs contextual Completely natural experiments on
information Search Engine side
Scale Turnaround
Field Studies O(50) users ~ 1 month
Panels O(1000) users ~ 2-4 weeks
_ Everything, Real time to ~ 1
Query Logs millions of users week




Query Logs Alone are not Enough
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* Trade off between scale and detall

— Loss of detalil
« Why a user does something, How to label the data

— Higher scale => more noise / more diversity
o Trade off between automation and timeliness

— Field / lab studies: manual, rarely longitudinal.

— Query logs and instrumented panels: capture
longitudinal trends



Query Logs Alone are not Enough
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 Advantage of query logs
— Scalable and easy to obtain
— a diversity of tasks, queries and user experiences
— measure users in the wild

 Disadvantage of query logs
— only measure the how and the what, rather than the why
— completely unlabeled except for the presence/absence of an event.
— only measure the system being logged (20% search activities)
— noisy, including robots, spam, data outages, recording errors, etc
— don’t necessarily allow long-term studies of a single user
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Query Logs Alone are not Enough

~» Diversity of queries in search engine logs

— a small- or medium-scale study would not approach the
diversity observable from large scale query logs
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C uery Logs Alone are not Enough

‘Disambiguating Queries

— Making use of related queries “year of rooster” and
‘rooster”

saarsh valuma B aofic |rande

Veatof the Morke Rooster

Year of the Rooster

o
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Query Logs Alone are not Enough

Immediacy of Data
— The death of “Anna Nicole Smith”

Relative volume of [Anna Micole Smith] compared to midnight

BYASIRORAEBYASIRCRAEBTABIRCRAEBEAST
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2007-02-08, by Minute




Web N.O: What science will it take?
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 Prabhakar Raghavan, Yahoo! Research
— Web 2.044 & L AWWWH £ T ifi% 6 % 44
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Mainstream

Virtualization Important Long Range Trends
Grid Computing Web 2.0 — AJAX |

Service Oriented Architecture + Web 2-_0 MaShL_‘P Composite Model
Enterprise Information Mgt CG"ECtI.UE Intelllge.nce

Open Source Pervasive computing

Personal Search

Gartner: Strategic Technologies for 2006 and 2016
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Web N.O: What science will it take?
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D
N Web N.O: What science will it take?

« Cannot access Information




Web N.O: What science will it take?
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o Similar issues
— Can't find stuff, Can’t write stuff, Can'’t reuse Web data...

 Growth of content
— Published content: 3-4 Gb/day
— Professional Web content: 2Gb/day
— User generated content: 5-10Gb/day
— Private text content: 2Tb/day
— Upper bound on typed content: 140Th/day



Web N.O: What science will it take?
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 Estimate growth of metadata
— Anchor text: 100Mb/day
— Tags: 100Mb/day

 The power of social tagging
— The wisdom of crowd can be used to search

— The principle is not new: “anchor text” search
— www.filckr.com
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www.flickr.com (run by Yahoo!)

Web N.O: What science will it take?
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http://www.flickr.com/

Web N.O: What science will it take?
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 Challenge in tag-based search
— How do we use the tags bette
— How do we cope with spam (
e Where else can we explore:

— What are the incentive mech:
— ESP game by CMU

progress

meter message
area



Web N.O: What science will it take?
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» Other issues in Web science

— The science of online audience engagement
 People interacting with people
« Why people participate / creat

— How to measure audience engagement
e For online advertising

> repeat x (time _ spent)” xlog(user _neighborhood)

pageviews



Google news personalization
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e Abhinandan Das, Google Inc.
« News recommendation system

« Challenges

— Scale
« Number of unigue visitors in last 2 months, several million
« Number of stories within last 2 months, several million

— |tem churn

 News story changes every 10-15 min
— Noisy ratings

o Click treated as noisy positive vote



Google news personalization
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* A method combined with Content-based and
Collaborative filtering algorithms
— User clustering algorithm

e Minhash
* Probabilistic Latent Semantic Indexing (PLSI)

— Story-story co-visitation
« for each story, store the co-visitation counts with other stories

— Map-Reduce parallel frameworks



" Social Annotations

Optimizing Web Search Using

« Shenghua Bao (Shanghai Jiao Tong University

.. del.icio.us

» all your bookmarks in one place

» check out what other people are bookmarking

learn more...

» get started «

|| del icio.us [ search ]

login | register | help

Tags

A tag is simply a word you use to describe a bookmark. Unlike
folders, you make up tags when you need them and you can use

as many as you like. The result is a better way to organize your
bookmarks and a great way to discover interesting things on the
Web.

learn maore...

hotlist what's hot right now on del.icio.us tags to watch mare .
HOT NOW see also: popular | recent )
library
supercooclpic.swf (application/x-shockwave-flash Object) =ave this 341 e Frototype Javascript Library
uélhTLlllnL"]‘gsl.l\ first posted by Daemin art flash cool animation fun tags yui-ext Documentation Center
Yahoo! User Interface Library
Camino - Mozilla power, Mac style. =awe this 1317 e education
thumbnail first posted by marc mac browser software osx camino tags Secrets of Self Taught VWeb Developers - DegreeTutor com
coming soon
Texthook disclaimer stickers
Use YouTube to leamn Photoshop
= | Making Wii-friendly pages - Opera Developer Community save this EA ceople
e o | first posted by worldcup1962 wii opera webdesign css javascript tags portfolio
= P [[ Fatoe com™ ]]
-The Culture Front-
= i Brain uses both neural 'teacher’ and "tinkerer' in learnina - MIT News Office | 100 IERES COUSCOUSKID 00 LK




Optimizing Web Search Using
AL 8% Soclal Annotations

« SocialSimRank (SSR)

— calculates the similarity between social annotations and
web queries;

— to find the latent semantic association between queries
and annotations

 SocialPageRank (SPR)
— captures the popularity of web pages.

— to measure the quality (popularity) of a web page from
the web users' perspective



ldentifying Ambiguous Queries In
A N Web Search

» Ruihua Song, MSRA and Shanghai Jiaotong
Univeristy

« Taxonomy of Web search queries
— Ambiguous queries: Apple, Gaint
— Broad queries: Songs
— Clear queries: Tsinghua University
— 90% users agree with whether a query Iis ambiguous
— Only 50% agree with whether it is “broad” or “clear”



!— ! ldentifying Ambiguous Queries In
| .._.I.._._.__ Web Search

e Use Web search results to identify ambiguous
queries

— Classify result document D into categories defined by
KDDcup 2005

— an ambiguous query Is that relevant documents
probably belong to several different categories.

— 12 features are derived to quantify the distribution of D ,
— precision of 85.4%, recall of 80.9%
— about 16% of all the queries are ambiguous
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- Can We Find Common Rules of
Browsing Behavior

Ganesan Velayathan, National Institute of Informatics, Japan

Investigate factors in user’s browsing behavior to

automatically evaluate web pages that the user shows
Interest in.

A client-side logging/analyzing tool: the GINIS Framework
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 Behavior Logging: 5 most and 5 least

Can We Find Common Rules of
Browsing Behavior

— Over 70 navigation actions and around 40 user
behaviors were logged during this experiment.

Behavior Fre:quen{'}' Behavior FPEFLHE“E}-
(fimes) (times)
Scroll 19091 | Go Forward 126
Key Input 14188 | Stop Loading 88
Add to -
Form Input 93129 Favorite 79
Navigation .
Link 4585 | Print 64
Search Text 1284 | Save As 2




Q) Can We Find Common Rules of
»  Browsing Behavior

« Page Tagging

WWW2007: Home — GINIS Web B
FiletE} EditiE} Wiewdd Favoritefd) HelplHd

QO M E o a Pk (B e d]

! ADDRESS http:/ w2007 ares ~ E]Go I

: SEARCH = ) Search |
|kﬂ1nterested ||:ﬂ Uninterested ]
WWAMEON2 — Elevel| The Tralfth It NVC 2004 WA G| The 14th Interatil w2008 -

A R A N!E E 16th International

o Several rules found with C4.5

Rule 2: Rule 31:
Scroll==10 Navigate Link = 0
Search Text <=0 Text Copy = 1
Form Input <=0 = Class Interested [90.2%]
Key loput -0, Rt 16
Move Back ==10 Sfmj’r Time ==7
Text Copy <= 0 Search Text >0
- = Class Interested [84 3%)]

—>Class Not of Interest [92.6%)]



\ User behavior analysis

o Also In this Issue

— Comparing Click Logs and Editorial Labels for Training
Query Rewriting

— Functional Faceted Web Query Analysis
— A Study of Mobile Search Queries in Japan



\ Evaluation issues

~« Workshop

— Web Search Engine Evaluation Using Clickthrough Data
and a User Model

» Papers
— Efficient Search Engine Measurements
— The Discoverability of the Web



~ Web Search Engine Evaluation Using
Clickthrough Data and a User Model
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e Georges Dupret (Yahoo! Research)

« How to rerank results with the help of click-through
data?

e Click-through Information
— Do have some information, but not reliable

— Consideration: The user saw the document snippet
— Attractivity: The document snippet is attractive



“Web Search Engine Evaluation Using
N Clickthrough Data and a User Model

I |

* Model and hypothesis:
— users browse the result list sequentially

— users select documents because they are considered
and attractive

— Attractivity depends on document snippet u and query g
— Consideration depends on the distance d to the last
selection

P(s,a.clu.q.d) = P(c|d)Pialu,q)



Q, Web Search Engine Evaluation Using
b Clickthrough Data and a User Model

 The “popularity” model

— Perseverence Is constant (distance is not considered)
— Worse than the distance model

a b | popularity | distance
| 1 -2.85 -2.26
1 10 -2.86 -1.93
1 100 -2.93 -1.90
0.1 10 -2.91 -1.76
1 | 1000 -3.32 -2.65




Q, Web Search Engine Evaluation Using
N Clickthrough Data and a User Model

 Search engine evaluation

— The expected number of attractive documents that a
user would see

R = Z P(q) Z P(o|g) Z P(al|o, q)ale, 0, q)
q o =

— 0. aspecific ordering
— o . aseqguence of selections in a result list



- Web Search Engine Evaluation Using
N Clickthrough Data and a User Model
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» EXxperiment results (with beta distribution as prior)

~

(=
User
click all

Ideal
actual ranking Replace with 1-

| ranking 9 documents
(= ==
| = =

I sort cumul  dy g ds d7 dag

0.350.400.450.500.550.60




Efficient Search Engine Measurement
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« ZIv BarYossef, Israel Institute of Technology and Google
Haifa Engineering Center

 Estimate search engine from an objective, transparent way
— Corpus size
— Index freshness: average age of pages
— number of unigue pages: density of duplicates in the corpus

* Following the work of “Random Sampling from a Search
Engine’s Index” (WWW2006 best paper)
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=fficient Search Engine Measurement

Search engine sampler

Public
Interface

Queries Indexed

Random document Documents
Sampler XeD

Estimate size of D




' I : Efficient Search Engine Measurement
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e Based on the computation of these two factors
— Degree (q): how many results?
— Degree (X): how many queries have such result?

* Problems

— Cannot always compute query degrees (because of
query overflow)

— Cannot compute document degrees accurately (there
may be g belonging to queries(x) that do not occur In
X)(there may be g that occurs in X, but not included in
queries(x) because of query overflow)



Efficient Search Engine Measurement
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o Contributions

— two new estimators that are able to overcome the bias
Introduced by approximate degrees.

— Estimate with importance factors

8.0

M Broder et al, with dups
I

-0l @ AccEst, with dup
6.0 (3 AccEst, w/o dups

1

(billions)

4.0 4

pus size

3.0 4

1.0 1

Vi
=

=

Absolute cor

SE1 SE2 SE3




Also In this Issue...
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o Papers
— The Discoverability of the Web
» Posters
— Summary Attributes and Perceived Search Quality

— Search Engine Retrieval of Changing Information
— Behavior Based Web Page Evaluation



\ Spam identification
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 Workshop
— A Taxonomy of JavaScript Redirection Spam

— A Large-Scale Study of Link Spam Detection by Graph
Algorithms

» Papers

— Spam Double-Funnel: Connecting Web Spammers with
Advertisers

» Posters
— Review Spam Detection



Other iIssues

~» All papers, posters, workshops and tutorials are
available at
http://www2007.org/proceedings.html

o All notes are available at
ftp://166.111.138.76/iIncoming/paper/WWWO07/
« WWW2008 in our city!



http://www2007.org/proceedings.html
ftp://166.111.138.76/incoming/paper/WWW07/

Thank you!

Questions or comments?
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