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Search Log Analysis

• Why is search log analysis important? 

• What does a search log look like? 

• Using search logs to better understand short- and long-
term search tasks 

• Using search logs to infer document relevance and 
ranking mistakes
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Methods for IR Experimentation and 
Evaluation

• Test-collection (batch) evaluation 

• User studies 

• Search log analysis
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• The experimental set-up is fixed: same queries, same 
corpus, same judgements 

• Evaluations are reproducible: keeps us honest and 
allows us to easily measure improvement 

• Modifying the system and re-evaluating is easy and free! 

• A good way to tune parameters 

• Makes error-analysis possible

Test Collection-based Evaluation 
advantages 
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• Test-collection-building is time and resource intensive 

• Human assessors are not users 

• Makes assumptions that do not hold true in “real” life:  

‣ relevance is topical 

‣ context independent 

‣ user independent 

‣ stable over time

Test Collection-based Evaluation 
disadvantages 
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• Can collect lots of data about users’ reactions to a 
system 

• The experimenter can control or manipulate the search 
task and the searcher’s internal/external context 

• Can collect lots of information about search outcomes 

• Can be used to study unique populations of users

User-Study Evaluation 
advantages 
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• Time and resource intensive, not a particularly good way 
to tune parameters 

• The laboratory setting is not the user’s normal 
environment 

• Study participants know they are being ‘observed’ 

• Not a good way to determine the frequency of natural 
events (especially rare ones)

User-Study Evaluation 
disadvantages 
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• Can we reason about how well the system is performing 
by analyzing the search log? 

• Can we use search-log information to improve its 
performance? 

• Can we use search-log information to provide new 
services that enhance the user experience?

Search-Log Analysis 
general idea 
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• Most search engines save information about every search 

‣ the query 

‣ a time-stamp 

‣ the IP address of the search client 

‣ the user id (stored in a cookie) 

‣ information about the search client (OS, browser, etc.) 

‣ the results that are presented 

‣ the results that are clicked 

‣ dwell time on a clicked result 

‣ ....

What is a Search-Log?
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• This information is very sensitive and very valuable 

• There are few publicly available Web search query-logs 

‣ the Excite Log (1997): ~18K users, ~50K queries 

‣ the AOL Log (2006): 650K users, ~20M queries  

• Why aren’t more search logs publicly available? 

‣ competitive reasons 

‣ privacy reasons

What is a Search-Log?
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What is a Search-Log?
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• It’s surprisingly easy to identify a person based on their 
queries 

• Users prefer to remain anonymous 

• We issue lots of “interesting” queries: 

‣ “how to tell a fake rolax” 

‣ “pictures of stars in the solar system” 

‣ “effective ways to fish a lizard” 

‣ “why does my iguana bob its head”

Search-Logs and Privacy

(AOL query-log)
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What does a Search-Log Look Like?
1024071 taraji henson 2006-03-02 00:28:45 4 http://www.tv.com 
1024071 taraji henson 2006-03-02 00:28:45 1 http://www.imdb.com 
1024071 the flavor of love vh1 2006-03-02 00:31:01 1 http://www.vh1.com 
1024071 the flavor of love hoops 2006-03-02 00:38:32 1 http://www.vh1realityworld.com 
1024071 beyonce 2006-03-02 22:42:05 1 http://www.beyonceonline.com 
1024071 beyonce 2006-03-02 22:42:05 6 http://www.imdb.com 
1024071 afc fighting 2006-03-04 22:35:33 2 http://sfuk.tripod.com 
1024071 din thomas march 4th 2006-03-05 23:38:54 1 http://www.mmaringreport.com 
1024071 mfc march 4th results 2006-03-05 23:45:49 3 http://www.mmaringreport.com 
1024071 mfc march 4th results 2006-03-05 23:45:49 9 http://man-magazine.com 
1024071 unc basketball roster 2006-03-09 23:45:15 2 http://tarheelblue.collegesports.com 
1024071 unc basketball roster 2006-03-09 23:45:15 2 http://tarheelblue.collegesports.com 
1024071 nit free picks 2006-03-15 14:02:21 1 http://www.docsports.com 
1024071 1490 am radio 2006-03-15 14:48:01 8 http://www.1490wwpr.com 
1024071 1490 am radio fl 2006-03-15 14:50:08 2 http://www.ontheradio.net 
1024071 benihanas 2006-03-16 17:27:25 1 http://www.benihana.com 
1024071 2006 winter music fest miami fl 2006-03-22 00:35:20 1 http://www.wintermusicconference.com 
1024071 hotmail 2006-04-01 18:49:02 1 http://www.hotmail.com 
1024071 my space 2006-04-02 01:21:41 1 http://www.myspace.com 
1024071 my space 2006-04-02 15:59:20 1 http://www.myspace.com 
1024071 my space 2006-04-02 22:03:10 1 http://www.myspace.com 
1024071 nba jams super nintendo cheats 2006-04-03 21:06:11 2 http://www.elook.org 
1024071 my space 2006-04-03 21:16:00 1 http://www.myspace.com 
1024071 charlie's dodge fort pierce 2006-05-08 20:06:17 1 http://www.dealernet.com 
1024071 charlie's dodge of fort pierce used cars 2006-05-08 20:09:27 2 http://www.automotive.com 
1024071 justin timberlake new album 2006-05-12 16:21:36 4 http://www.mtv.com 
1024071 mike epps 2006-05-13 19:45:56 6 http://www.hollywood.com 
1024071 mike epps bio 2006-05-13 19:51:05 4 http://movies.aol.com 
1024071 mike epps bio 2006-05-13 19:51:05 9 http://www.moono.com 
1024071 mike epps bio 2006-05-13 19:55:56 14 http://video.barnesandnoble.com 
1024071 mike epps bio 2006-05-13 19:55:56 21 http://www.hbo.com 
1024071 mike epps bio 2006-05-13 20:01:06 24 http://www.vh1.com 
1024071 mind freak 2006-05-14 00:46:18 10 http://video.google.com 
1024071 criss angel mind freak 2006-05-14 12:53:35 1 http://www.crissangel.com 
1024071 criss angel mind freak 2006-05-14 12:53:35 8 http://www.imdb.com 
1024071 06-06-06 2006-05-14 22:29:11 1 http://www.timesonline.co.uk 
1024071 show and sell auto fort pierce fl 2006-05-15 16:58:53 1 http://www.traderonline.com 
1024071 barry bonds homerun ball 714 for sale 2006-05-25 16:25:41 5 http://www.sportsnet.ca 
1024071 ufc 60 live results 2006-05-27 23:00:38 4 http://www.prowrestling.com 
1024071 ufc 60 live play by play 2006-05-27 23:07:16 4 http://www.24wrestling.com 
1024071 how to tell a fake rolax 2006-05-29 14:53:53 1 http://www.aplusmodel.com 
1024071 how to tell a fake rolax 2006-05-29 14:53:53 8 http://www.inc.com (AOL query-log)

http://www.tv.com
http://www.imdb.com
http://www.vh1.com
http://www.vh1realityworld.com
http://www.beyonceonline.com
http://www.imdb.com
http://sfuk.tripod.com
http://www.mmaringreport.com
http://www.mmaringreport.com
http://man-magazine.com
http://tarheelblue.collegesports.com
http://tarheelblue.collegesports.com
http://www.docsports.com
http://www.1490wwpr.com
http://www.ontheradio.net
http://www.benihana.com
http://www.wintermusicconference.com
http://www.hotmail.com
http://www.myspace.com
http://www.myspace.com
http://www.myspace.com
http://www.elook.org
http://www.myspace.com
http://www.dealernet.com
http://www.automotive.com
http://www.mtv.com
http://www.hollywood.com
http://movies.aol.com
http://www.moono.com
http://video.barnesandnoble.com
http://www.hbo.com
http://www.vh1.com
http://video.google.com
http://www.crissangel.com
http://www.imdb.com
http://www.timesonline.co.uk
http://www.traderonline.com
http://www.sportsnet.ca
http://www.prowrestling.com
http://www.24wrestling.com
http://www.aplusmodel.com
http://www.inc.com
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What does a Search-Log Look Like?
1024071 taraji henson 2006-03-02 00:28:45 4 http://www.tv.com 
1024071 taraji henson 2006-03-02 00:28:45 1 http://www.imdb.com 
1024071 the flavor of love vh1 2006-03-02 00:31:01 1 http://www.vh1.com 
1024071 the flavor of love hoops 2006-03-02 00:38:32 1 http://www.vh1realityworld.com 
1024071 beyonce 2006-03-02 22:42:05 1 http://www.beyonceonline.com 
1024071 beyonce 2006-03-02 22:42:05 6 http://www.imdb.com 
1024071 afc fighting 2006-03-04 22:35:33 2 http://sfuk.tripod.com 
1024071 din thomas march 4th 2006-03-05 23:38:54 1 http://www.mmaringreport.com 
1024071 mfc march 4th results 2006-03-05 23:45:49 3 http://www.mmaringreport.com 
1024071 mfc march 4th results 2006-03-05 23:45:49 9 http://man-magazine.com 
1024071 unc basketball roster 2006-03-09 23:45:15 2 http://tarheelblue.collegesports.com 
1024071 unc basketball roster 2006-03-09 23:45:15 2 http://tarheelblue.collegesports.com 
1024071 nit free picks 2006-03-15 14:02:21 1 http://www.docsports.com 
1024071 1490 am radio 2006-03-15 14:48:01 8 http://www.1490wwpr.com 
1024071 1490 am radio fl 2006-03-15 14:50:08 2 http://www.ontheradio.net 
1024071 benihanas 2006-03-16 17:27:25 1 http://www.benihana.com 
1024071 2006 winter music fest miami fl 2006-03-22 00:35:20 1 http://www.wintermusicconference.com 
1024071 hotmail 2006-04-01 18:49:02 1 http://www.hotmail.com 
1024071 my space 2006-04-02 01:21:41 1 http://www.myspace.com 
1024071 my space 2006-04-02 15:59:20 1 http://www.myspace.com 
1024071 my space 2006-04-02 22:03:10 1 http://www.myspace.com 
1024071 nba jams super nintendo cheats 2006-04-03 21:06:11 2 http://www.elook.org 
1024071 my space 2006-04-03 21:16:00 1 http://www.myspace.com 
1024071 charlie's dodge fort pierce 2006-05-08 20:06:17 1 http://www.dealernet.com 
1024071 charlie's dodge of fort pierce used cars 2006-05-08 20:09:27 2 http://www.automotive.com 
1024071 justin timberlake new album 2006-05-12 16:21:36 4 http://www.mtv.com 
1024071 mike epps 2006-05-13 19:45:56 6 http://www.hollywood.com 
1024071 mike epps bio 2006-05-13 19:51:05 4 http://movies.aol.com 
1024071 mike epps bio 2006-05-13 19:51:05 9 http://www.moono.com 
1024071 mike epps bio 2006-05-13 19:55:56 14 http://video.barnesandnoble.com 
1024071 mike epps bio 2006-05-13 19:55:56 21 http://www.hbo.com 
1024071 mike epps bio 2006-05-13 20:01:06 24 http://www.vh1.com 
1024071 mind freak 2006-05-14 00:46:18 10 http://video.google.com 
1024071 criss angel mind freak 2006-05-14 12:53:35 1 http://www.crissangel.com 
1024071 criss angel mind freak 2006-05-14 12:53:35 8 http://www.imdb.com 
1024071 06-06-06 2006-05-14 22:29:11 1 http://www.timesonline.co.uk 
1024071 show and sell auto fort pierce fl 2006-05-15 16:58:53 1 http://www.traderonline.com 
1024071 barry bonds homerun ball 714 for sale 2006-05-25 16:25:41 5 http://www.sportsnet.ca 
1024071 ufc 60 live results 2006-05-27 23:00:38 4 http://www.prowrestling.com 
1024071 ufc 60 live play by play 2006-05-27 23:07:16 4 http://www.24wrestling.com 
1024071 how to tell a fake rolax 2006-05-29 14:53:53 1 http://www.aplusmodel.com 
1024071 how to tell a fake rolax 2006-05-29 14:53:53 8 http://www.inc.com (AOL query-log)

what 
kinds of 
things 

could we 
do with 

this?

http://www.tv.com
http://www.imdb.com
http://www.vh1.com
http://www.vh1realityworld.com
http://www.beyonceonline.com
http://www.imdb.com
http://sfuk.tripod.com
http://www.mmaringreport.com
http://www.mmaringreport.com
http://man-magazine.com
http://tarheelblue.collegesports.com
http://tarheelblue.collegesports.com
http://www.docsports.com
http://www.1490wwpr.com
http://www.ontheradio.net
http://www.benihana.com
http://www.wintermusicconference.com
http://www.hotmail.com
http://www.myspace.com
http://www.myspace.com
http://www.myspace.com
http://www.elook.org
http://www.myspace.com
http://www.dealernet.com
http://www.automotive.com
http://www.mtv.com
http://www.hollywood.com
http://movies.aol.com
http://www.moono.com
http://video.barnesandnoble.com
http://www.hbo.com
http://www.vh1.com
http://video.google.com
http://www.crissangel.com
http://www.imdb.com
http://www.timesonline.co.uk
http://www.traderonline.com
http://www.sportsnet.ca
http://www.prowrestling.com
http://www.24wrestling.com
http://www.aplusmodel.com
http://www.inc.com
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• Spelling corrections 

• Query suggestions 

• Query expansion 

• Query classification: informational, navigational, 
transactional 

• Vertical selection and presentation 

• Personalization 

• Detecting commercial intent (ad placement) 

• Predicting query ambiguity 

• Evaluation 

• Detecting ranking mistakes 

• Inferring sub-tasks associated with query

Usefulness of Search-Logs
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What does a Search-Log Look Like?
1024071 taraji henson 2006-03-02 00:28:45 4 http://www.tv.com 
1024071 taraji henson 2006-03-02 00:28:45 1 http://www.imdb.com 
1024071 the flavor of love vh1 2006-03-02 00:31:01 1 http://www.vh1.com 
1024071 the flavor of love hoops 2006-03-02 00:38:32 1 http://www.vh1realityworld.com 
1024071 beyonce 2006-03-02 22:42:05 1 http://www.beyonceonline.com 
1024071 beyonce 2006-03-02 22:42:05 6 http://www.imdb.com 
1024071 afc fighting 2006-03-04 22:35:33 2 http://sfuk.tripod.com 
1024071 din thomas march 4th 2006-03-05 23:38:54 1 http://www.mmaringreport.com 
1024071 mfc march 4th results 2006-03-05 23:45:49 3 http://www.mmaringreport.com 
1024071 mfc march 4th results 2006-03-05 23:45:49 9 http://man-magazine.com 
1024071 unc basketball roster 2006-03-09 23:45:15 2 http://tarheelblue.collegesports.com 
1024071 unc basketball roster 2006-03-09 23:45:15 2 http://tarheelblue.collegesports.com 
1024071 nit free picks 2006-03-15 14:02:21 1 http://www.docsports.com 
1024071 1490 am radio 2006-03-15 14:48:01 8 http://www.1490wwpr.com 
1024071 1490 am radio fl 2006-03-15 14:50:08 2 http://www.ontheradio.net 
1024071 benihanas 2006-03-16 17:27:25 1 http://www.benihana.com 
1024071 2006 winter music fest miami fl 2006-03-22 00:35:20 1 http://www.wintermusicconference.com 
1024071 hotmail 2006-04-01 18:49:02 1 http://www.hotmail.com 
1024071 my space 2006-04-02 01:21:41 1 http://www.myspace.com 
1024071 my space 2006-04-02 15:59:20 1 http://www.myspace.com 
1024071 my space 2006-04-02 22:03:10 1 http://www.myspace.com 
1024071 nba jams super nintendo cheats 2006-04-03 21:06:11 2 http://www.elook.org 
1024071 my space 2006-04-03 21:16:00 1 http://www.myspace.com 
1024071 charlie's dodge fort pierce 2006-05-08 20:06:17 1 http://www.dealernet.com 
1024071 charlie's dodge of fort pierce used cars 2006-05-08 20:09:27 2 http://www.automotive.com 
1024071 justin timberlake new album 2006-05-12 16:21:36 4 http://www.mtv.com 
1024071 mike epps 2006-05-13 19:45:56 6 http://www.hollywood.com 
1024071 mike epps bio 2006-05-13 19:51:05 4 http://movies.aol.com 
1024071 mike epps bio 2006-05-13 19:51:05 9 http://www.moono.com 
1024071 mike epps bio 2006-05-13 19:55:56 14 http://video.barnesandnoble.com 
1024071 mike epps bio 2006-05-13 19:55:56 21 http://www.hbo.com 
1024071 mike epps bio 2006-05-13 20:01:06 24 http://www.vh1.com 
1024071 mind freak 2006-05-14 00:46:18 10 http://video.google.com 
1024071 criss angel mind freak 2006-05-14 12:53:35 1 http://www.crissangel.com 
1024071 criss angel mind freak 2006-05-14 12:53:35 8 http://www.imdb.com 
1024071 06-06-06 2006-05-14 22:29:11 1 http://www.timesonline.co.uk 
1024071 show and sell auto fort pierce fl 2006-05-15 16:58:53 1 http://www.traderonline.com 
1024071 barry bonds homerun ball 714 for sale 2006-05-25 16:25:41 5 http://www.sportsnet.ca 
1024071 ufc 60 live results 2006-05-27 23:00:38 4 http://www.prowrestling.com 
1024071 ufc 60 live play by play 2006-05-27 23:07:16 4 http://www.24wrestling.com 
1024071 how to tell a fake rolax 2006-05-29 14:53:53 1 http://www.aplusmodel.com 
1024071 how to tell a fake rolax 2006-05-29 14:53:53 8 http://www.inc.com (AOL query-log)

are these 
queries 

independent?

http://www.tv.com
http://www.imdb.com
http://www.vh1.com
http://www.vh1realityworld.com
http://www.beyonceonline.com
http://www.imdb.com
http://sfuk.tripod.com
http://www.mmaringreport.com
http://www.mmaringreport.com
http://man-magazine.com
http://tarheelblue.collegesports.com
http://tarheelblue.collegesports.com
http://www.docsports.com
http://www.1490wwpr.com
http://www.ontheradio.net
http://www.benihana.com
http://www.wintermusicconference.com
http://www.hotmail.com
http://www.myspace.com
http://www.myspace.com
http://www.myspace.com
http://www.elook.org
http://www.myspace.com
http://www.dealernet.com
http://www.automotive.com
http://www.mtv.com
http://www.hollywood.com
http://movies.aol.com
http://www.moono.com
http://video.barnesandnoble.com
http://www.hbo.com
http://www.vh1.com
http://video.google.com
http://www.crissangel.com
http://www.imdb.com
http://www.timesonline.co.uk
http://www.traderonline.com
http://www.sportsnet.ca
http://www.prowrestling.com
http://www.24wrestling.com
http://www.aplusmodel.com
http://www.inc.com
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• Search is a “dialogue” between a user and a search engine 

‣ user: query 
‣ search engine: search results 
‣ user: reformulated query 
‣ search engine: new search results 

• Each “dialogue” is called a search session 

• Each dialogue corresponds to an information need (at 
some level of granularity) 

• A dialogue ends when the user is satisfied or gives up

Search Sessions
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• Question: what proportion of search sessions result in 
user-satisfaction? 

• The answer may be in the search log 

• But, first, we have to recover each individual dialogue 

• Requires some amount of “detective work” 

• The simplest approaches assume that same-dialogue 
queries are sequential  

• In other words, users engage in one dialogue at a time 

• Are there environments where this is or is not a valid 
assumption? 

Search Sessions
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1024071 taraji henson 2006-03-02 00:28:45 4 http://www.tv.com 
1024071 taraji henson 2006-03-02 00:28:45 1 http://www.imdb.com 
1024071 the flavor of love vh1 2006-03-02 00:31:01 1 http://www.vh1.com 
1024071 the flavor of love hoops 2006-03-02 00:38:32 1 http://www.vh1realityworld.com 
1024071 beyonce 2006-03-02 22:42:05 1 http://www.beyonceonline.com 
1024071 beyonce 2006-03-02 22:42:05 6 http://www.imdb.com 
1024071 afc fighting 2006-03-04 22:35:33 2 http://sfuk.tripod.com 
1024071 din thomas march 4th 2006-03-05 23:38:54 1 http://www.mmaringreport.com 
1024071 mfc march 4th results 2006-03-05 23:45:49 3 http://www.mmaringreport.com 
1024071 mfc march 4th results 2006-03-05 23:45:49 9 http://man-magazine.com 
1024071 unc basketball roster 2006-03-09 23:45:15 2 http://tarheelblue.collegesports.com 
1024071 unc basketball roster 2006-03-09 23:45:15 2 http://tarheelblue.collegesports.com 
1024071 nit free picks 2006-03-15 14:02:21 1 http://www.docsports.com 
1024071 1490 am radio 2006-03-15 14:48:01 8 http://www.1490wwpr.com 
1024071 1490 am radio fl 2006-03-15 14:50:08 2 http://www.ontheradio.net 
1024071 benihanas 2006-03-16 17:27:25 1 http://www.benihana.com 
1024071 2006 winter music fest miami fl 2006-03-22 00:35:20 1 http://www.wintermusicconference.com 
1024071 hotmail 2006-04-01 18:49:02 1 http://www.hotmail.com 
1024071 my space 2006-04-02 01:21:41 1 http://www.myspace.com 
1024071 my space 2006-04-02 15:59:20 1 http://www.myspace.com 
1024071 my space 2006-04-02 22:03:10 1 http://www.myspace.com 
1024071 nba jams super nintendo cheats 2006-04-03 21:06:11 2 http://www.elook.org 
1024071 my space 2006-04-03 21:16:00 1 http://www.myspace.com 
1024071 charlie's dodge fort pierce 2006-05-08 20:06:17 1 http://www.dealernet.com 
1024071 charlie's dodge of fort pierce used cars 2006-05-08 20:09:27 2 http://www.automotive.com 
1024071 justin timberlake new album 2006-05-12 16:21:36 4 http://www.mtv.com 
1024071 mike epps 2006-05-13 19:45:56 6 http://www.hollywood.com 
1024071 mike epps bio 2006-05-13 19:51:05 4 http://movies.aol.com 
1024071 mike epps bio 2006-05-13 19:51:05 9 http://www.moono.com 
1024071 mike epps bio 2006-05-13 19:55:56 14 http://video.barnesandnoble.com 
1024071 mike epps bio 2006-05-13 19:55:56 21 http://www.hbo.com 
1024071 mike epps bio 2006-05-13 20:01:06 24 http://www.vh1.com 
1024071 mind freak 2006-05-14 00:46:18 10 http://video.google.com 
1024071 criss angel mind freak 2006-05-14 12:53:35 1 http://www.crissangel.com 
1024071 criss angel mind freak 2006-05-14 12:53:35 8 http://www.imdb.com 
1024071 06-06-06 2006-05-14 22:29:11 1 http://www.timesonline.co.uk 
1024071 show and sell auto fort pierce fl 2006-05-15 16:58:53 1 http://www.traderonline.com 
1024071 barry bonds homerun ball 714 for sale 2006-05-25 16:25:41 5 http://www.sportsnet.ca 
1024071 ufc 60 live results 2006-05-27 23:00:38 4 http://www.prowrestling.com 
1024071 ufc 60 live play by play 2006-05-27 23:07:16 4 http://www.24wrestling.com 
1024071 how to tell a fake rolax 2006-05-29 14:53:53 1 http://www.aplusmodel.com 
1024071 how to tell a fake rolax 2006-05-29 14:53:53 8 http://www.inc.com (AOL query-log)

Search Sessions

http://www.tv.com
http://www.imdb.com
http://www.vh1.com
http://www.vh1realityworld.com
http://www.beyonceonline.com
http://www.imdb.com
http://sfuk.tripod.com
http://www.mmaringreport.com
http://www.mmaringreport.com
http://man-magazine.com
http://tarheelblue.collegesports.com
http://tarheelblue.collegesports.com
http://www.docsports.com
http://www.1490wwpr.com
http://www.ontheradio.net
http://www.benihana.com
http://www.wintermusicconference.com
http://www.hotmail.com
http://www.myspace.com
http://www.myspace.com
http://www.myspace.com
http://www.elook.org
http://www.myspace.com
http://www.dealernet.com
http://www.automotive.com
http://www.mtv.com
http://www.hollywood.com
http://movies.aol.com
http://www.moono.com
http://video.barnesandnoble.com
http://www.hbo.com
http://www.vh1.com
http://video.google.com
http://www.crissangel.com
http://www.imdb.com
http://www.timesonline.co.uk
http://www.traderonline.com
http://www.sportsnet.ca
http://www.prowrestling.com
http://www.24wrestling.com
http://www.aplusmodel.com
http://www.inc.com
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1024071 taraji henson 2006-03-02 00:28:45 4 http://www.tv.com 
1024071 taraji henson 2006-03-02 00:28:45 1 http://www.imdb.com 

1024071 the flavor of love vh1 2006-03-02 00:31:01 1 http://www.vh1.com 
1024071 the flavor of love hoops 2006-03-02 00:38:32 1 http://www.vh1realityworld.com 

1024071 beyonce 2006-03-02 22:42:05 1 http://www.beyonceonline.com 
1024071 beyonce 2006-03-02 22:42:05 6 http://www.imdb.com 

1024071 afc fighting 2006-03-04 22:35:33 2 http://sfuk.tripod.com 

1024071 din thomas march 4th 2006-03-05 23:38:54 1 http://www.mmaringreport.com 
1024071 mfc march 4th results 2006-03-05 23:45:49 3 http://www.mmaringreport.com 
1024071 mfc march 4th results 2006-03-05 23:45:49 9 http://man-magazine.com 

1024071 unc basketball roster 2006-03-09 23:45:15 2 http://tarheelblue.collegesports.com 
1024071 unc basketball roster 2006-03-09 23:45:15 2 http://tarheelblue.collegesports.com 

1024071 nit free picks 2006-03-15 14:02:21 1 http://www.docsports.com 

1024071 1490 am radio 2006-03-15 14:48:01 8 http://www.1490wwpr.com 
1024071 1490 am radio fl 2006-03-15 14:50:08 2 http://www.ontheradio.net 

1024071 benihanas 2006-03-16 17:27:25 1 http://www.benihana.com 

1024071 2006 winter music fest miami fl 2006-03-22 00:35:20 1 http://www.wintermusicconference.com 

1024071 hotmail 2006-04-01 18:49:02 1 http://www.hotmail.com 

1024071 my space 2006-04-02 01:21:41 1 http://www.myspace.com 
1024071 my space 2006-04-02 15:59:20 1 http://www.myspace.com 
1024071 my space 2006-04-02 22:03:10 1 http://www.myspace.com 

1024071 nba jams super nintendo cheats 2006-04-03 21:06:11 2 http://www.elook.org 

1024071 my space 2006-04-03 21:16:00 1 http://www.myspace.com 

1024071 charlie's dodge fort pierce 2006-05-08 20:06:17 1 http://www.dealernet.com 
1024071 charlie's dodge of fort pierce used cars 2006-05-08 20:09:27 2 http://www.automotive.com 

1024071 justin timberlake new album 2006-05-12 16:21:36 4 http://www.mtv.com 
(AOL query-log)

Search Sessions

http://www.tv.com
http://www.imdb.com
http://www.vh1.com
http://www.vh1realityworld.com
http://www.beyonceonline.com
http://www.imdb.com
http://sfuk.tripod.com
http://www.mmaringreport.com
http://www.mmaringreport.com
http://man-magazine.com
http://tarheelblue.collegesports.com
http://tarheelblue.collegesports.com
http://www.docsports.com
http://www.1490wwpr.com
http://www.ontheradio.net
http://www.benihana.com
http://www.wintermusicconference.com
http://www.hotmail.com
http://www.myspace.com
http://www.myspace.com
http://www.myspace.com
http://www.elook.org
http://www.myspace.com
http://www.dealernet.com
http://www.automotive.com
http://www.mtv.com
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1024071 mike epps 2006-05-13 19:45:56 6 http://www.hollywood.com 
1024071 mike epps bio 2006-05-13 19:51:05 4 http://movies.aol.com 
1024071 mike epps bio 2006-05-13 19:51:05 9 http://www.moono.com 
1024071 mike epps bio 2006-05-13 19:55:56 14 http://video.barnesandnoble.com 
1024071 mike epps bio 2006-05-13 19:55:56 21 http://www.hbo.com 
1024071 mike epps bio 2006-05-13 20:01:06 24 http://www.vh1.com 

1024071 mind freak 2006-05-14 00:46:18 10 http://video.google.com 
1024071 criss angel mind freak 2006-05-14 12:53:35 1 http://www.crissangel.com 
1024071 criss angel mind freak 2006-05-14 12:53:35 8 http://www.imdb.com 

1024071 06-06-06 2006-05-14 22:29:11 1 http://www.timesonline.co.uk 

1024071 show and sell auto fort pierce fl 2006-05-15 16:58:53 1 http://www.traderonline.com 

1024071 barry bonds homerun ball 714 for sale 2006-05-25 16:25:41 5 http://www.sportsnet.ca 

1024071 ufc 60 live results 2006-05-27 23:00:38 4 http://www.prowrestling.com 
1024071 ufc 60 live play by play 2006-05-27 23:07:16 4 http://www.24wrestling.com 

1024071 how to tell a fake rolax 2006-05-29 14:53:53 1 http://www.aplusmodel.com 
1024071 how to tell a fake rolax 2006-05-29 14:53:53 8 http://www.inc.com 
1024071 locating serial number on rolex 2006-05-30 21:51:34 1 http://www.qualitytyme.net 

(AOL query-log)

Search Sessions

http://www.hollywood.com
http://movies.aol.com
http://www.moono.com
http://video.barnesandnoble.com
http://www.hbo.com
http://www.vh1.com
http://video.google.com
http://www.crissangel.com
http://www.imdb.com
http://www.timesonline.co.uk
http://www.traderonline.com
http://www.sportsnet.ca
http://www.prowrestling.com
http://www.24wrestling.com
http://www.aplusmodel.com
http://www.inc.com
http://www.qualitytyme.net
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• Time difference: subsequent queries are part of the same 
session if the difference between time-stamps is < t 

‣ 30 minutes works well for library search 

‣ no value is better than random for web search! 

• Common term: subsequent queries are part of the same 
session if they have at least one common term 

‣ high precision, low recall strategy

Heuristics for Recovering Search Sessions
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• Rewrite classes: subsequent queries are part of the same 
session if they follow common reformulation patterns 

‣ add terms, delete terms, replace terms 

‣ Q1: “dog coughing after being boarded” 

‣ Q2: “dog kennel cough” 

‣ Q3: “kennel cough remedies” 

‣ Q1-Q2 and Q2-Q3 follow common reformulation 
patterns 

‣ Q1 and Q3 have no terms in common, but are still 
considered part of the same session. 

Heuristics for Recovering Search Sessions
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• Explicit relevance feedback: asking the user whether a 
result is relevant/non-relevant to a query 

• Implicit relevance feedback: predicting relevance based 
on user interactions 

• People don’t like to provide explicit feedback 

• Can we use clicks to predict relevance? 

‣ non-obtrusive 

‣ inexpensive 

‣ lots of data

What about clicks?
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• Question: can we use clicks to predict relevance? 

• Answering this question requires understanding how 
users behave 

• Are all clicks equally predictive of relevance? 

• Are their other “forces” (other than relevance) that 
motivate us to click on certain results? 

• What does click position tell us about where the user 
looked but didn’t click? 

• Applications: on-line learning, session-based retrieval

Implicit Relevance Feedback
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• First Study  

‣ 34 subjects (all Cornell undergrads) 

‣ 10 search tasks (5 navigational + 5 informational) 

‣ top-10 Google results 

‣ Eye tracking + click-logging 

‣ Fixation: spatially stable gaze lasting approximately 
0.2-0.3 seconds

Implicit Relevance Feedback 
(Joachims et al., 2005) 
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• Which results do users view and click?

The ma nipula tions tothe results pa g e were performed by a
proxy tha t intercepted the HTTP request toGoog le. None
of the cha ng es were detecta ble by the subjects a nd they did
not know tha t we ma nipula ted the results. When a sked
a fter their session, none of the subjects ha d suspected a ny
ma nipula tion.

2 2 pa rticipa nts were recruited for Pha se II of the study
a nd we were a ble to record usa ble eye tra cking da ta for
1 6 of them. 6 users were in the “norma l” condition, 5 in
the “swa pped” condition, a nd 5 in the “reversed” condition.
Ag a in, the pa rticipa nts were students from va rious ma jors
with a mea n a g e of 2 0 .4 yea rs.

3.2 Data Capture
The subjects’ eye movements were recorded using a n ASL

5 0 4 commercia l eyetra cker (Applied Science Technolog ies,
Bedford, MA) which utilizes a CCD ca mera tha t employs
the Pupil Center a nd Cornea l-Reflection method torecon-
struct a subject’s eye position. Ga zeTra cker, a softwa re a p-
plica tion a ccompa nying the system, wa s used for the simul-
ta neous a cquisition a nd a na lysis of the subject’s eye move-
ments [1 9 ].

An HTTP-proxy server wa s esta blished tolog a ll click-
strea m da ta a nd store a ll Web content tha t wa s a ccessed
a nd viewed. In pa rticula r, the proxy ca ched a ll pa g es the
user visited, a s well a s a ll pa g es tha t were linked toin a ny
results pa g e returned by Goog le. The proxy did not intro-
duce a ny notica ble dela y. In a ddition tolog g ing a ll a ctivity,
the proxy ma nipula ted the Goog le results pa g e a ccording
tothe three conditions, while ma inta ining the a ppea ra nce
of a n a uthentic Goog le pa g e. The proxy a lsoa utoma tica lly
elimina ted a ll a dvertising content, sotha t the results pa g es
of a ll subjects would look a s uniform a s possible, with a p-
proxima tely the sa me number of results a ppea ring within
the first scroll set. With these pre-experimenta l controls,
subjects were a ble topa rticipa te in a live sea rch session,
g enera ting unique sea rch queries a nd results from the ques-
tions a nd instructions presented tothem.

3.3 Eyetracking
We cla ssify eye movements a ccording tothe following sig -

nifica nt indica tors of ocula r beha viors, na mely fixa tions, sa c-
ca des, pupil dila tion, a nd sca n pa ths [2 3 ]. Eye fixa tions a re
the most releva nt metric for eva lua ting informa tion process-
ing in online sea rch. Fixa tions a re defined a s a spa tia lly
sta ble g a ze la sting for a pproxima tely 2 0 0 -3 0 0 milliseconds,
during which visua l a ttention is directed toa specific a rea
of the visua l displa y. Fixa tions represent the insta nces in
which most informa tion a cquisition a nd processing occurs
[1 5 , 2 3 ].

Other indices, such a s sa cca des, a re believed tooccur too
quickly toa bsorb new informa tion [2 3 ]. Sa cca des, for exa m-
ple, a re the continuous a nd ra pid movements of eye g a zes
between fixa tion points. Beca use sa cca dic eye movements
a re extremely ra pid, within 4 0 -5 0 milliseconds, it is widely
believed tha t only little informa tion ca n be a cquired during
this time.

Pupil dila tion is a mea sure tha t is typica lly used toindi-
ca te a n individua l’s a rousa l or interest in the viewed content
ma tter, with a la rg er dia meter reflecting g rea ter a rousa l [2 3 ].
While pupil dila tion could be interesting in our a na lysis, we
focus on fixa tions in this pa per.

0

10

20

30

40

50

60

70

80

1 2 3 4 5 6 7 8 9 10
Rank of Abstract

Pe
rc

en
ta

ge

% of fixations
% of clicks

Fig ure 1 : Percentag e of times an abstract was
viewed/ clicked depending on the rank of the result.

3.4 Explicit Relevance Judgments
Toha ve a ba sis for eva lua ting the qua lity of implicit rele-

va nce judg ments, we collected explicit releva nce judg ments
for a ll queries a nd results pa g es encountered by the users.

For ea ch results pa g e from Pha se I, we ra ndomized the
order of the a bstra cts a nd a sked judg es to(wea kly) order
the abstracts by how promising they look for lea ding torele-
va nt informa tion. We chose this ordina l a ssessment method,
since it wa s demonstra ted tha t huma ns ca n ma ke such rel-
a tive decisions more relia bly tha n a bsolute judg ments for
ma ny ta sks (see e.g . [3 , Pa g e 1 0 9 ]). Five judg es (different
from subjects) ea ch a ssessed the results pa g es for twoof the
questions, plus ten results pa g es from twoother questions for
inter-judg e a g reement verifica tion. The judg es received de-
ta iled instructions a nd exa mples of how tojudg e releva nce.
However, we explicitly did not use specia lly tra ined rele-
va nce a ssessors, since the explicit judg ments will serve a s a n
estima te of the da ta qua lity we could expect when a sking
reg ula r users for explicit feedba ck. The a g reement between
judg es is rea sona bly hig h. Whenever twojudg es expressed
a strict preference between twoa bstra cts, they a g ree in the
direction of preference in 8 9 .5 % of the ca ses.

For the result pa g es from Pha se II we collected explicit rel-
eva nce a ssessments for a bstra cts in a simila r ma nner. How-
ever, the set of a bstra cts we a sked judg es towea kly order
were not limited tothe (typica lly 1 0 ) hits from a sing le re-
sults pa g e, but the set included the results from a ll queries
for a pa rticula r question a nd subject. The inter-judg e a g ree-
ment on the a bstra cts is 8 2 .5 %. We conjecture tha t this
lower a g reement is due tothe less concise judg ment setup
a nd the la rg er sets tha t ha d tobe ordered.

Toa ddress the question of how implicit feedba ck rela tes
toa n explicit releva nce a ssessment of the a ctua l Web page,
we collected releva nce judg ments for the pa g es from Pha se
II following the setup a lrea dy described for the a bstra cts.
The inter-judg e a g reement on the releva nce a ssessment of
the pa g es is 8 6 .4 %.

4. ANALYSIS OF USER BEHAVIOR
In our study we focus on the list of ra nked results re-

turned by Goog le in response toa query. Note tha t click-
throug h da ta on this results pa g e ca n ea sily be recorded by
the retrieva l system, which ma kes implicit feedba ck ba sed
on this pa g e pa rticula rly a ttra ctive. In most ca ses, the re-
sults pa g e conta ins links to1 0 pa g es. Ea ch link is described
by a n a bstra ct tha t consists of the title of the pa g e, a query-
dependent snippet extra cted from the pa g e, the URL of the
pa g e, a nd va rying a mounts of meta -da ta .

Implicit Relevance Feedback 
(Joachims et al., 2005) 

• % of searches where user fixated/clicked a result in rank r
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• Which results do users view? 

• Most people view the first two results (almost equally) 

• Fewer than half view the third result! 

• Only about 10% scroll down to view results below the 
fold! 

• Views below the fold are fairly evenly distributed. Any 
ideas why?

Eye Tracking 
(Joachims et al., 2005) 
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• Which results do users click? 

• While the top-two results are viewed almost equally, the 
first result is clicked a lot more than the second 

‣ Why? Because the first result is better? Because people 
trust it more? 

• Clicks below rank 3 are fairly evenly distributed

Clicks 
(Joachims et al., 2005) 
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• Users scan results from top to bottom

Fig ure 2 : Mean time of arrival (in number of previ-
ous fixations) depending on the rank of the result.

Before we start analyzing particular strateg ies for g enerat-
ing implicit feedback from clicks on the Goog le results pag e,
we first analyze how users scan the results pag e. Knowing
which abstracts the user evaluates is important, since clicks
can only be interpreted with respect to the parts of the re-
sults that the user actually observed and evaluated. The
following results are based on the datafrom Phase I.

4.1 Which links do users view and click?
One of the valuable aspects of eye-tracking is that we can

determine how the displayed results are actually viewed.
The lig ht bars in Fig ure 1 show the percentag e of results
pag es where the user viewed the abstract at the indicated
rank. The abstracts ranked 1 and 2 receive most atten-
tion. After that, attention drops faster. The dark bars im
Fig ure 1 show the percentag e of times auser’s first click
falls on aparticular rank. It is very interesting that users
click substantially more often on the first than on the sec-
ond link, while they view the corresponding abstract with
almost equal frequency.

There is an interesting chang e around rank 6 / 7 , both in
the viewing behavior as well as in the number of clicks. First,
links below this rank receive substantially less attention than
those earlier. Second, unlike for ranks 2 to 5 , the abstracts
ranked 6 to 1 0 receive more equal attention. This can be
explained by the fact that typically only the first 5 -6 links
were visible without scrolling . Once the user has started
scrolling , rank appears to becomes less of an influence for
attention. A sharp drop occurs after link 1 0 , as ten results
are displayed per pag e.

4.2 Do users scan links from top to bottom?
While the linear ordering of the results sug g est reading

from top to bottom, it is not clear whether users actually
behave this way. Fig ure 2 depicts the instance of first arrival
to each abstract in the ranking . The arrival time is measured
by fixations; i.e., at what fixation did asearcher first view
the nth-ranked abstract. The g raph indicates that on aver-
ag e users tend to read the results from top to bottom. In
addition, the g raph shows interesting patterns. First, indi-
viduals tend to view the first and second-ranked results rig ht
away, within the second or third fixation, and there is abig
g ap before viewing the third-ranked abstract. Second, the
pag e break also manifests itself in this g raph, as the instance
of arrival to results seven throug h ten is much hig her than
the other six. It appears that users first scan the viewable
results quite thoroug hly before resorting to scrolling .
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Fig ure 3 : Mean number of abstracts viewed above
and below a clicked link depending on its rank.

Table 2 : Percentag e of times the user viewed an
abstract at a particular rank before he clicked on a
link at a particular rank.

Viewed Clicked Rank
Rank 1 2 3 4 5 6

1 9 0 .6 % 7 6 .2 % 7 3 .9 % 6 0 .0 % 5 4 .5 % 4 5 .5 %
2 5 6 .8 % 9 0 .5 % 8 2 .6 % 5 3 .3 % 6 3 .6 % 5 4 .5 %
3 3 0 .2 % 4 7 .6 % 9 5 .7 % 8 0 .0 % 8 1 .8 % 4 5 .5 %
4 1 7 .3 % 1 9 .0 % 4 7 .8 % 9 3 .3 % 6 3 .6 % 4 5 .5 %
5 8 .6 % 1 4 .3 % 2 1 .7 % 5 3 .3 % 1 0 0 .0 % 7 2 .7 %
6 4 .3 % 4 .8 % 8 .7 % 3 3 .3 % 1 8 .2 % 8 1 .8 %

4.3 Which links do users evaluate before
clicking?

Fig ure 3 depicts how many abstracts above and below the
clicked document users view on averag e. The g raph shows
that the lower the click in the ranking , the more abstracts
are viewed above the click. While users do not neccessarily
view all abstracts above aclick, they view substantially more
abstracts above than below the click.

Table 2 aug ments the information in Fig ure 3 by showing
which particular abstracts users view (rows) before making
aclick at aparticular rank (columns). For example, the el-
ements in the first two rows of the third datacolumn show
that before aclick on link three, the user has viewed ab-
stract two 8 2 .6 % of the times and abstract one 7 3 .9 % of
the times. In g eneral, it appears that abstracts closer above
the clicked link are more likely to be viewed than abstracts
further above. Another pattern is that the abstract rig ht
below aclick is viewed roug hly 5 0 % of the times (except
at the pag e break). Finally, note that the lower-than-1 0 0 %
values on the diag onal indicate some accuracy limitations of
the eye-tracker.

5. ANALYSIS OF IMPLICIT FEEDBACK
The previous section explored how users scan the results

pag e and how their scanning behavior relates to the decision
of clicking on alink. We will now explore how relevance
of the document to the query influences clicking decisions,
and vice versa, what clicks tell us about the relevance of a
document. After determining that user behavior depends
on relevance in the next section, we will explore how closely
implicit feedback sig nals from observed user behavior ag ree
with the explicit relevance judg ments.

Implicit Relevance Feedback 
(Joachims et al., 2005) 
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• Which results do users evaluate before clicking?

Fig ure 2 : Mean time of arrival (in number of previ-
ous fixations) depending on the rank of the result.

Before we start analyzing particular strateg ies for g enerat-
ing implicit feedback from clicks on the Goog le results pag e,
we first analyze how users scan the results pag e. Knowing
which abstracts the user evaluates is important, since clicks
can only be interpreted with respect to the parts of the re-
sults that the user actually observed and evaluated. The
following results are based on the datafrom Phase I.

4.1 Which links do users view and click?
One of the valuable aspects of eye-tracking is that we can

determine how the displayed results are actually viewed.
The lig ht bars in Fig ure 1 show the percentag e of results
pag es where the user viewed the abstract at the indicated
rank. The abstracts ranked 1 and 2 receive most atten-
tion. After that, attention drops faster. The dark bars im
Fig ure 1 show the percentag e of times auser’s first click
falls on aparticular rank. It is very interesting that users
click substantially more often on the first than on the sec-
ond link, while they view the corresponding abstract with
almost equal frequency.

There is an interesting chang e around rank 6 / 7 , both in
the viewing behavior as well as in the number of clicks. First,
links below this rank receive substantially less attention than
those earlier. Second, unlike for ranks 2 to 5 , the abstracts
ranked 6 to 1 0 receive more equal attention. This can be
explained by the fact that typically only the first 5 -6 links
were visible without scrolling . Once the user has started
scrolling , rank appears to becomes less of an influence for
attention. A sharp drop occurs after link 1 0 , as ten results
are displayed per pag e.

4.2 Do users scan links from top to bottom?
While the linear ordering of the results sug g est reading

from top to bottom, it is not clear whether users actually
behave this way. Fig ure 2 depicts the instance of first arrival
to each abstract in the ranking . The arrival time is measured
by fixations; i.e., at what fixation did asearcher first view
the nth-ranked abstract. The g raph indicates that on aver-
ag e users tend to read the results from top to bottom. In
addition, the g raph shows interesting patterns. First, indi-
viduals tend to view the first and second-ranked results rig ht
away, within the second or third fixation, and there is abig
g ap before viewing the third-ranked abstract. Second, the
pag e break also manifests itself in this g raph, as the instance
of arrival to results seven throug h ten is much hig her than
the other six. It appears that users first scan the viewable
results quite thoroug hly before resorting to scrolling .
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Fig ure 3 : Mean number of abstracts viewed above
and below a clicked link depending on its rank.

Table 2 : Percentag e of times the user viewed an
abstract at a particular rank before he clicked on a
link at a particular rank.

Viewed Clicked Rank
Rank 1 2 3 4 5 6

1 9 0 .6 % 7 6 .2 % 7 3 .9 % 6 0 .0 % 5 4 .5 % 4 5 .5 %
2 5 6 .8 % 9 0 .5 % 8 2 .6 % 5 3 .3 % 6 3 .6 % 5 4 .5 %
3 3 0 .2 % 4 7 .6 % 9 5 .7 % 8 0 .0 % 8 1 .8 % 4 5 .5 %
4 1 7 .3 % 1 9 .0 % 4 7 .8 % 9 3 .3 % 6 3 .6 % 4 5 .5 %
5 8 .6 % 1 4 .3 % 2 1 .7 % 5 3 .3 % 1 0 0 .0 % 7 2 .7 %
6 4 .3 % 4 .8 % 8 .7 % 3 3 .3 % 1 8 .2 % 8 1 .8 %

4.3 Which links do users evaluate before
clicking?

Fig ure 3 depicts how many abstracts above and below the
clicked document users view on averag e. The g raph shows
that the lower the click in the ranking , the more abstracts
are viewed above the click. While users do not neccessarily
view all abstracts above aclick, they view substantially more
abstracts above than below the click.

Table 2 aug ments the information in Fig ure 3 by showing
which particular abstracts users view (rows) before making
aclick at aparticular rank (columns). For example, the el-
ements in the first two rows of the third datacolumn show
that before aclick on link three, the user has viewed ab-
stract two 8 2 .6 % of the times and abstract one 7 3 .9 % of
the times. In g eneral, it appears that abstracts closer above
the clicked link are more likely to be viewed than abstracts
further above. Another pattern is that the abstract rig ht
below aclick is viewed roug hly 5 0 % of the times (except
at the pag e break). Finally, note that the lower-than-1 0 0 %
values on the diag onal indicate some accuracy limitations of
the eye-tracker.

5. ANALYSIS OF IMPLICIT FEEDBACK
The previous section explored how users scan the results

pag e and how their scanning behavior relates to the decision
of clicking on alink. We will now explore how relevance
of the document to the query influences clicking decisions,
and vice versa, what clicks tell us about the relevance of a
document. After determining that user behavior depends
on relevance in the next section, we will explore how closely
implicit feedback sig nals from observed user behavior ag ree
with the explicit relevance judg ments.

Implicit Relevance Feedback 
(Joachims et al., 2005) 
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• Which results do users evaluate before clicking?

Implicit Relevance Feedback 
(Joachims et al., 2005) 

Figure 2: Mean time of arrival (in number of previ-
ous fixations) depending on the rank of the result.

Before we start analyzing particular strategies for generat-
ing implicit feedback from clicks on the Google results page,
we first analyze how users scan the results page. Knowing
which abstracts the user evaluates is important, since clicks
can only be interpreted with respect to the parts of the re-
sults that the user actually observed and evaluated. The
following results are based on the data from Phase I.

4.1 Which links do users view and click?
One of the valuable aspects of eye-tracking is that we can

determine how the displayed results are actually viewed.
The light bars in Figure 1 show the percentage of results
pages where the user viewed the abstract at the indicated
rank. The abstracts ranked 1 and 2 receive most atten-
tion. After that, attention drops faster. The dark bars im
Figure 1 show the percentage of times a user’s first click
falls on a particular rank. It is very interesting that users
click substantially more often on the first than on the sec-
ond link, while they view the corresponding abstract with
almost equal frequency.

There is an interesting change around rank 6/7, both in
the viewing behavior as well as in the number of clicks. First,
links below this rank receive substantially less attention than
those earlier. Second, unlike for ranks 2 to 5, the abstracts
ranked 6 to 10 receive more equal attention. This can be
explained by the fact that typically only the first 5-6 links
were visible without scrolling. Once the user has started
scrolling, rank appears to becomes less of an influence for
attention. A sharp drop occurs after link 10, as ten results
are displayed per page.

4.2 Do users scan links from top to bottom?
While the linear ordering of the results suggest reading

from top to bottom, it is not clear whether users actually
behave this way. Figure 2 depicts the instance of first arrival
to each abstract in the ranking. The arrival time is measured
by fixations; i.e., at what fixation did a searcher first view
the nth-ranked abstract. The graph indicates that on aver-
age users tend to read the results from top to bottom. In
addition, the graph shows interesting patterns. First, indi-
viduals tend to view the first and second-ranked results right
away, within the second or third fixation, and there is a big
gap before viewing the third-ranked abstract. Second, the
page break also manifests itself in this graph, as the instance
of arrival to results seven through ten is much higher than
the other six. It appears that users first scan the viewable
results quite thoroughly before resorting to scrolling.
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Figure 3: Mean number of abstracts viewed above
and below a clicked link depending on its rank.

Table 2: Percentage of times the user viewed an
abstract at a particular rank before he clicked on a
link at a particular rank.

Viewed Clicked Rank
Rank 1 2 3 4 5 6

1 90.6% 76.2% 73.9% 60.0% 54.5% 45.5%
2 56.8% 90.5% 82.6% 53.3% 63.6% 54.5%
3 30.2% 47.6% 95.7% 80.0% 81.8% 45.5%
4 17.3% 19.0% 47.8% 93.3% 63.6% 45.5%
5 8.6% 14.3% 21.7% 53.3% 100.0% 72.7%
6 4.3% 4.8% 8.7% 33.3% 18.2% 81.8%

4.3 Which links do users evaluate before
clicking?

Figure 3 depicts how many abstracts above and below the
clicked document users view on average. The graph shows
that the lower the click in the ranking, the more abstracts
are viewed above the click. While users do not neccessarily
view all abstracts above a click, they view substantially more
abstracts above than below the click.

Table 2 augments the information in Figure 3 by showing
which particular abstracts users view (rows) before making
a click at a particular rank (columns). For example, the el-
ements in the first two rows of the third data column show
that before a click on link three, the user has viewed ab-
stract two 82.6% of the times and abstract one 73.9% of
the times. In general, it appears that abstracts closer above
the clicked link are more likely to be viewed than abstracts
further above. Another pattern is that the abstract right
below a click is viewed roughly 50% of the times (except
at the page break). Finally, note that the lower-than-100%
values on the diagonal indicate some accuracy limitations of
the eye-tracker.

5. ANALYSIS OF IMPLICIT FEEDBACK
The previous section explored how users scan the results

page and how their scanning behavior relates to the decision
of clicking on a link. We will now explore how relevance
of the document to the query influences clicking decisions,
and vice versa, what clicks tell us about the relevance of a
document. After determining that user behavior depends
on relevance in the next section, we will explore how closely
implicit feedback signals from observed user behavior agree
with the explicit relevance judgments.
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• Users tend to look close to where they click. 

• They view higher-ranks before clicking on a result 

• They do so less for lower-ranked clicks. 

• They also look at the one ranked immediately below the 
clicked result (if there is one) 

• This is especially the case for rank 7

Implicit Relevance Feedback 
(Joachims et al., 2005) 
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• Second Study  

‣ 34 subjects (all Cornell undergrads) 

‣ 10 search tasks (5 navigational + 5 informational) 

‣ top-10 Google results (all results judged by assessors) 

‣ 3 conditions 

‣ normal: Google results 1-10 

‣ swapped: Google results 1 and 2 swapped 

‣ reversed: results 1-10 reversed

Implicit Relevance Feedback 
(Joachims et al., 2005) 
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• Are clicks influenced by relevance (or just rank)? 

• Relevance matters 

• In the “reversed” condition (Google results 1-10 
reversed), lower-ranked results were clicked more often 
than expected

Implicit Relevance Feedback 
(Joachims et al., 2005) 
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• So, a click =  a relevance judgement? 

• Not quite 

• Users click on rank 1 more than rank 2 even when rank 2 
is more relevant (Trust Bias!)

Implicit Relevance Feedback 
(Joachims et al., 2005) 

5.1 Does relevance influence user decisions?
Before exploring pa rticula r stra teg ies for g enera ting rele-

va nce judg ments from observed user beha vior, we first verify
tha t users rea ct to the releva nce of the presented links. We
use the “reversed” condition a s a n intervention tha t con-
trolla bly decrea ses the qua lity of the retrieva l function a nd
the releva nce of the hig hly ra nked a bstra cts. Users rea ct to
the deg ra ded ra nking in two wa ys. First, they view lower
ra nked links more frequently. In the “reversed” condition
subjects sca n sig nifica ntly more a bstra cts tha n in the “nor-
ma l” condition. All sig nifica nce tests reported in this pa per
a re two-ta iled tests a t a 9 5 % confidence level. Second, sub-
jects a re much less likely to click on the first link, but more
likely to click on a lower ra nked link. The a vera g e ra nk of
a clicked document in the “norma l” condition is 2 .6 6 a nd
4 .0 3 in the “reversed” condition. The difference is sig nifi-
ca nt a ccording to the Wilcoxon test. Furthermore, the a v-
era g e number of clicks per query decrea ses from 0 .8 0 in the
“norma l” condition to 0 .6 4 in the “reversed” condition.

This shows tha t users beha vior does depend on the qua lity
of the presented ra nking a nd tha t individua l clicking deci-
sions a re influenced by the releva nce of the a bstra cts. It is
therefore possible tha t, vice versa , observed user beha vior
ca n be used to a ssess the overa ll qua lity of a ra nking , a s
well a s the releva nce of individua l documents. In the follow-
ing , we will explore the relia bility of severa l stra teg ies for
extra cting implicit feedba ck from observed user beha vior.

5.2 Are clicks absolute relevance judgments?
One frequently used interpreta tion of clickthroug h da ta

a s implicit feedba ck is tha t ea ch click represents a n endorse-
ment of tha t pa g e (e.g . [4 , 1 7 , 8 ]). In this interpreta tion, a
click indica tes a releva nce a ssessment on a n a bsolute sca le:
clicked documents a re releva nt. In the following we will show
tha t such a n interpreta tion is problema tic for two rea sons.

5.2.1 Trust Bias

Fig ure 1 shows tha t the a bstra ct ra nked first receives
ma ny more clicks tha n the second a bstra ct, despite the fa ct
tha t both a bstra cts a re viewed much more equa lly. This
could be due to two rea sons. The first expla na tion is tha t
Goog le typica lly returns ra nking s where the first link is more
releva nt tha n the second link, a nd users merely click on the
a bstra ct tha t is more promising . In this expla na tion users
a re not influenced by the order of presenta tion, but decide
ba sed on their releva nce a ssessment of the a bstra ct. The
second expla na tion is tha t users prefer the first link due to
some level of trust in the sea rch eng ine. In this expla na tion
users a re influenced by the order of presenta tion. If this
wa s the ca se, the interpreta tion of a click would need to be
rela tive to the streng th of this influence.

We a ddress the question of whether the users’ eva lua tion
depends on the order of presenta tion using the da ta from
Ta ble 3 . The experiment focuses on the top two links, since
these two links a re sca nned rela tively equa lly. Ta ble 3 shows
how often a user clicks on either link 1 or link 2 , on both
links, or on none of the two depending on the ma nua lly
judg ed releva nce of the a bstra ct. If users were not influenced
in their releva nce a ssessment by the order of presenta tion,
the number of clicks on link 1 a nd link 2 should only depend
on the judg ed releva nce of the a bstra ct. This hypothesis
enta ils tha t the fra ction of clicks on the more releva nt a b-
stra ct should be the sa me independent of whether link 1 or

Table 3 : Number of clicks on the top two links de-
pending on relevance of the abstracts for the normal
and the swapped condition for Phase II. In the col-
umn heading s, +/ - indicates whether or not the user
clicked on link l1 or l2 in the ranking . rel() indicates
manually judg ed relevance of the abstract.

“norma l” l−1,l−2 l+1,l−2 l−1,l+2 l+1,l+2 tota l
rel(l1) > rel(l2) 1 5 1 9 1 1 3 6
rel(l1) < rel(l2) 1 1 5 2 2 2 0
rel(l1) = rel(l2) 1 9 9 1 0 2 9
tota l 4 5 3 3 4 3 8 5

“swa pped” l−1,l−2 l+1,l−2 l−1,l+2 l+1,l+2 tota l
rel(l1) > rel(l2) 1 1 1 5 1 1 2 8
rel(l1) < rel(l2) 1 7 1 0 7 2 3 6
rel(l1) = rel(l2) 3 6 1 1 3 0 5 0
tota l 6 4 3 6 1 1 3 1 1 4

link 2 is more releva nt. The ta ble shows tha t we ca n reject
this hypothesis with hig h proba blility, since 1 9 /2 0 is sig nifi-
ca ntly different from 2 /7 a ssuming a binomia l distribution.
To ma ke sure tha t the difference is not due to a dependence
between ra nk a nd ma g nitude of difference in releva nce, we
a lso a na lyze the da ta from the swa pped condition. Ta ble 3
shows tha t a lso under the swa pped condition, there is still
a strong bia s to click on link one even if the second a bstra ct
is more releva nt.

We conclude tha t users ha ve substa ntia l trust in the sea rch
eng ine’s a bility to estima te the releva nce of a pa g e, which
influences their clicking beha vior.

5.2.2 Quality Bias

We now study whether the clicking beha vior depends on
the overa ll qua lity of the retrieva l system, or only on the
releva nce of the clicked link. If there is a dependency on
overa ll retrieva l qua lity, a ny interpreta tion of clicks a s im-
plicit releva nce feedba ck would need to be rela tive to the
qua lity of the retrieva l system.

To a ddress this question, we control the qua lity of the re-
trieva l function using the “reversed” condition a nd compa re
the clicking beha vior a g a inst the “norma l” a nd “swa pped”
condition. In pa rticula r, we investig a te whether the links
users click on in the “reversed” condition a re less releva nt
on a vera g e. We mea sure the releva nce of a n a bstra ct in
terms of its ra nk (i.e. 1 to 1 0 for a typica l results pa g es)
a s a ssig ned by the releva nce judg es. We ca ll this number
the releva nce ra nk of a n a bstra ct. To focus on results pa g es
where the users in the “reversed” condition sa w less releva nt
a bstra cts, we only consider those ca ses where the clicks a re
not below ra nk 5 . For theses ca ses, the a vera g e releva nce
ra nk of clicks in the “norma l” or “swa pped” condition is
2 .6 7 compa red to 3 .2 7 in the “reversed” condition. The dif-
ference is sig nifica nt a ccording to the Wilcoxon test.

We conclude tha t the qua lity of the ra nking influences
the user’s clicking beha vior. If the releva nce of the retrieved
results decrea ses, users click on a bstra cts tha t a re on a vera g e
less releva nt.

5.3 Are clicks relative relevance judgments?
Interpreting clicks a s releva nce judg ments on a n a bsolute

sca le is difficult due to the two effects described a bove. An
a ccura te interpreta tion would need to ta ke into a ccount the
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• So, if there’s a bias in favor of the top results, how can we 
use clicks to predict relevance? 

• It’s difficult to use clicks to predict absolute relevance 

• Clicks can be used, however, to predict pairwise 
preferences!

Implicit Relevance Feedback 
(Joachims et al., 2005) 
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• Click > Skip Above: ??? 

• Last Click > Skip Above: ??? 

• Click > Earlier Click: ??? 

• Click > Skip Previous: ??? 

• Click > No Click Next: ???

Implicit Relevance Feedback 
(Joachims et al., 2005) 

Rank 1 2 3 4 5 6 7 8 9 10

Click ✓ ✓ ✓ ✓ ✓
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• Click > Skip Above: (3>2), (7>2), (7>4), (7>5), (7>6), 
(8>2), (8>4), (8>5), (8>6), (10>2), (10>4), (10>5), (10>6), 
(10>9) 

• Last Click > Skip Above: (10>2), (10>4), (10>5), (10>6), 
(10>9) 

• Click > Earlier Click: (3>1), (7>1), (7>3), (8>1),(8>3), 
(8>7), (10>1), (10>3), (10>7), (10>8) 

• Click > Skip Previous: (3>2), (7>6), (10>9) 

• Click > No Click Next: (1>2), (3>4), (8>9)

Implicit Relevance Feedback 
(Joachims et al., 2005) 

Rank 1 2 3 4 5 6 7 8 9 10

Click ✓ ✓ ✓ ✓ ✓
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Implicit Relevance Feedback 
(Joachims et al., 2005) 

Table 4 : Accuracy of several strateg ies for g enerating pairwise preferences from clicks. The base of comparison
are either the explicit judg ments of the abstracts, or the explicit judg ments of the pag e itself. Error bars are
the larg er of the two sides of the 9 5 % binomial confidence interval around the mean.

Explicit Feedba ck Abstra cts Pa g es
Da ta Pha se I Pha se II Pha se II
Stra teg y “norma l” “norma l” “swa pped” “reversed” a ll a ll
Inter-Judg e Ag reement 8 9 .5 N/ A N/ A N/ A 8 2 .5 8 6 .4
Click > Skip Above 8 0 .8 ± 3 .6 8 8 .0 ± 9 .5 7 9 .6 ± 8 .9 8 3 .0 ± 6 .7 8 3 .1 ± 4 .4 7 8 .2 ± 5 .6
La st Click > Skip Above 8 3 .1 ± 3 .8 8 9 .7 ± 9 .8 7 7 .9 ± 9 .9 8 4 .6 ± 6 .9 8 3 .8 ± 4 .6 8 0 .9 ± 5 .1
Click > Ea rlier Click 6 7 .2 ± 1 2 .3 7 5 .0 ± 2 5 .8 3 6 .8 ± 2 2 .9 2 8 .6 ± 2 7 .5 4 6 .9 ±1 3 .9 6 4 .3 ±1 5 .4
Click > Skip Previous 8 2 .3 ± 7 .3 8 8 .9 ± 2 4 .1 8 0 .0 ± 1 8 .0 7 9 .5 ± 1 5 .4 8 1 .6 ± 9 .5 8 0 .7 ± 9 .6
Click > NoClick Next 8 4 .1 ± 4 .9 7 5 .6 ± 1 4 .5 6 6 .7 ± 1 3 .1 7 0 .0 ± 1 5 .7 7 0 .4 ± 8 .0 6 7 .4 ± 8 .2

user’s trust intothe qua lity of the sea rch eng ine, a s well a s
the qua lity of the retrieva l function itself. Unfortuna tely,
trust a nd retrieva l qua lity a re twoqua ntities tha t a re diffi-
cult tomea sure explicitly.

We will now explore implicit feedba ck mea sures tha t re-
spect these dependencies by interpreting clicks not a s a b-
solute releva nce feedba ck, but a s pa irwise preference sta te-
ments. Such a n interpreta tion is supported by resea rch in
ma rketing , which ha s shown tha t huma ns tend toma ke pa ir-
wise compa risons a mong options [2 4 ]. The stra teg ies we ex-
plore a re ba sed on the idea tha t not only clicks should be
used a s feedba ck sig na ls, but a lsothe fa ct tha t some links
were not clicked on [1 4 , 7 ]. Consider the exa mple ra nking
of links l1 tol7 below a nd a ssume tha t the user clicked on
links l1, l3, a nd l5.

l∗1 l2 l∗3 l4 l∗5 l6 l7 (1 )

While it is difficult toinfer whether the links l1, l3, a nd l5
a re releva nt on a n absolute sca le, it is much more pla usible
toinfer tha t link l3 is more releva nt tha n link l2. As we ha ve
a lrea dy esta blished in Sections 4 .2 a nd 4 .3 , users sca n the
list from top tobottom in a rea sona bly exha ustive fa shion.
Therefore, it is rea sona ble toa ssume tha t the user ha s ob-
served link l2 before clicking on l3, ma king a decision tonot
click on it. This g ives a n indica tion of the user’s preferences
between link l3 a nd link l2. Simila rly, it is possible toin-
fer tha t link l5 is more releva nt tha n links l2 a nd l4. This
mea ns tha t clickthroug h da ta does not convey absolute rel-
eva nce judg ments, but pa rtia l relative releva nce judg ments
for the links the user eva lua ted. A sea rch eng ine ra nking
the returned links a ccording totheir releva nce should ha ve
ra nked link l3 a hea d of l2, a nd link l5 a hea d of l2 a nd l4.
Denoting the user’s releva nce a ssessment with rel(), we g et
pa rtia l (a nd potentia lly noisy) informa tion of the form

rel(l3) > rel(l2), rel(l5) > rel(l2), rel(l5) > rel(l4)

This stra teg y for extra cting preference feedba ck is summa -
rized a s follows.

Strategy 1 . (Click > Skip Above)
For a rank ing (l1, l2, l3, ...) and a set C containing the rank s
of the click ed-on link s, extract a preference example rel(li) >
rel(lj) for all pairs 1 ≤ j < i, with i ∈ C and j ̸∈ C.

Note tha t this stra teg y ta kes trust bia s a nd qua lity bia s
intoa ccount. First, it only g enera tes a preference when the
user explicitly decides tonot trust the sea rch eng ine a nd
skip over a hig her ra nked link. Second, since it g enera tes
pa irwise preferences only between the documents tha t the

user eva lua ted, a ll feedba ck is rela tive tothe qua lity of the
retrieved set.

How a ccura te is this implicit feedba ck compa red tothe
explicit feedba ck? Toa ddress this question, we compa re the
pa irwise preferences g enera ted from the clicks tothe explicit
releva nce judg ments. Ta ble 4 shows the percenta g e of times
the preferences g enera ted from clicks a g ree with the direc-
tion of a strict preference of a releva nce judg e. On the da ta
from Pha se I, the preferences a re 8 0 .8 % correct, which is
substa ntia lly a nd sig nifica ntly (binomia l distribution) bet-
ter tha n the ra ndom ba seline of 5 0 %. Furthermore, it is
fa irly close in a ccura cy tothe a g reement of 8 9 .5 % between
the explicit judg ments from different judg es, which ca n serve
a s a n upper bound for the a ccura cy we could idea lly expect
even from explicit user feedba ck.

The da ta from Pha se II shows tha t the a ccura cy of the
“Click > Skip Above” stra teg y does not cha ng e sig nifica ntly
(binomia l test) w.r.t. deg ra da tions in ra nking qua lity in the
“swa pped” a nd “reversed” condition. As expected, trust
bia s a nd qua lity bia s ha ve nosig nifica nt effect.

We next explore a va ria nt of “Click > Skip Above”, which
follows the intuition tha t ea rlier clicks mig ht be less informed
tha t la ter clicks (i. e. a fter a click, the user returns tothe
sea rch pa g e a nd selects a nother link). This lea d us tothe
following stra teg y, which considers only the la st click for
g enera ting preferences.

Strategy 2 . (Last Click > Skip Above)
For a rank ing (l1, l2, l3, ...) and a set C containing the rank s
of the click ed-on link s, let i ∈ C be the rank of the link that
was click ed temporally last. Extract a preference example
rel(li) > rel(lj) for all pairs 1 ≤ j < i, with j ̸∈ C.

Assuming tha t l5 wa s the la st click in the exa mple from
a bove, this stra teg y would produce the preferences

rel(l5) > rel(l2), rel(l5) > rel(l4).

Ta ble 4 shows tha t this stra teg y is slig htly more a ccura te
tha n “Click > Skip Above”. The difference is sig nifica nt in
Pha se I, but not Pha se II (binomia l test).

The next stra teg y we investig a te a lsofollows the idea tha t
la ter clicks a re more informed decisions tha n ea rlier clicks.
But, strong er tha n the “La st Click > Skip Above”, we now
a ssume tha t clicks la ter in time a re on more releva nt a b-
stra cts tha n ea rlier clicks.

Strategy 3 . (Click > Earlier Click)
For a rank ing (l1, l2, l3, ...) and a set C containing the rank s
of the click ed-on link s, let t(i) with i ∈ C be the time

• % agreement with pairwise preferences derived from 
relevance judgements from assessors 

• Best strategy: a clicked result is more relevant than all 
higher ranked results that were skipped (not clicked) 

‣ produces lots of preferences that also happen to agree 
with explicit judgements
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• Users’ clicking decisions are influenced by relevance 

• But, they’re also biased in favor of the top results (the 
ones noticed and the ones trusted) 

• Clicks should not be used to derive absolute relevance 
judgements 

• However, they can be used to derive pairwise preference 
judgements! 

• How could we use pairwise preference judgements 
(derived from clicks) to improve a search engine?

Conclusions and Implications 
(Joachims et al., 2005) 


