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ABSTRACT

People often repeat Web searches, both to find inBwmation
on topics they have previously explored and tamd-information
they have seen in the past. The query associatbdanepeat
search may differ from the initial query but camatheless lead
to clicks on the same results. This paper explogpsat search
behavior through the analysis of a one-year Welnyglog of 114
anonymous users and a separate controlled sunaay additional
119 volunteers. Our study demonstrates that ay ma0% of
all queries are re-finding queries. Re-finding @gms to be an
important behavior for search engines to explicgypport, and
we explore how this can be done. We demonstratecttanges to
search engine results can hinder re-finding, andige a way to
automatically detect repeat searches and predgieatelicks.

Categories and Subject Descriptors
H3.3 [Information storage and retrieval]: Search and retrieval

General Terms
Measurement, Experimentation, Human Factors.

Keywords

Query log analysis, Web search, re-finding, repeaties.

1. INTRODUCTION

Thanks to the ubiquity of the Internet search eadiox, users
have come to depend on Web search engines botindanéw
information and to re-find previously viewed infamtion. A

recent Pew Internet and American Life report shothed Internet
searches are a top Internet activity, second angnail [16]; in a
study of Web users [9], 17% of those surveyed tepofNot

being able to return to a page | once visited,"oas of “the
biggest problems in using the Web.” The effecttto$ is that
knowledge workers are estimated to waste 15% oif tiree

because they cannot find information that they knaiveady
exists [7]. Despite these known problems, the afskeyword

search engines for re-finding has not been sigmifly studied.

While many searches are for new information, aiigamt use of
search engines is to find information that was tbbefore. For
example, a query or keyword is often used to “boatitha Web
page. In this paper, we build on earlier work [81pxplore how
keyword search is used for re-finding. We analifze queries
and result clicks of 114 anonymous Yahoo users thercourse
of a year. Our analysis demonstrates that reimdjueries are
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common and provides a detailed characterizatiotheh. Given
the pervasiveness of re-finding queries, we explaneh search
engine features support or hinder re-finding. A&rtipular, we
concentrate on changes in rank and demonstratdetngnental
impact of rank changes on this type of task. Mgkise of our
understanding of re-finding behavior, we descritbgorthmic
methods to detect re-finding intent and suggestswiaywhich
search engines can better support this behavior.

Log studies like the one presented here are vauadtause they
give a large-scale, realistic picture of usersicat. However,
they give no insight into underlying motivation. o Btudy re-
finding through log analysis, it was necessaryryada glean from
the data those queries which were intended tongkififormation
rather than find new information. Re-finding intemvas
approximated by looking for repeated clicks on $laene search
result in response to queries issued by the sameatdifferent
times. The query used to re-find the result magnay not be the
same as the query used to find it originally. Emample, if a
person searched with the query “KPCC Southern @aiif
Public Radio” and clicked on the result http://wwswepr.org, and
then later clicked on the same result while seacghor “spcr”,
the behavior was considered re-finding. Becauseuoflimited
ability to automatically distinguish re-finding fro finding
behavior in the query logs, our observations wegpemented
with a separate additional controlled experimerd painel of 119
volunteers where a re-finding task was explicitfided.

No matter how re-finding is approximated in the dp@nalysis
reveals it is very common. Forty percent of alkelved queries
led to a click on a result that was also clickedirty another
query session by the same user, and nearly 30%l &RLs
clicked in the data set were clicked by the same a®re than
once. As we will demonstrate, the impact of theriplay between
this common behavior and changing result rankirags dcost in
terms of session time. As a way of dealing witis ffroblem, we
discuss simple but effective ways to automaticaltect re-
finding queries and implications for search engiasign.

2. RELATED WORK

Re-finding behavior has recently attracted consibdller interest
[1, 3,4, 6, 20, 21, 22]. Many re-finding studies/e been limited
to small-scale laboratory or interview based stadi8uch studies
of re-finding have consistently found that peomad to rely on
meta-data about their target [6], for example, imdihg
previously viewed content via known paths [4, 22Thus if
someone originally encountered a piece of inforomtvia a
search engine, that person is likely to try to e¢fiee same query
to find that same information again. However, lseapeople
process encountered information to varying degrsesye re-
finding may rely heavily on meta-data learned dyrihe initial
encounter, while some may look very similar to skas for new



information [22].
We observe repeat
query behavior in
the logs that seems
to represent the
entire spectrum.
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Loganalysisallows
researchers to
observe a greater
variety of behavior
than laboratory
and observational
studies, and gives
a very realistic
picture of people’s actions, although it gives msight into
people’s underlying motivation. Log analysis hdewn that
Web site re-visitation is very common [5, 14, 1®jth estimates
of the portion of Web page visits that are re-sisgaching up to
80% [5]. While many of these re-visitations ocstiortly after
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Figure 1: Distribution of length of
search traces in days (average: 97
days, median: 37 days)

the first visit €.g, during the same session using the back button),

a significant number occur after a considerable larh@f time
has elapsed. The results of Web site re-visitagtudies have
informed Web browser history and back button fuorcality.

While large-scale studies have been done on quy (e.g.,
[10]), surprisingly, there has been little analysfsre-visitation
and re-finding. These studies have found that mosties are
issued only once or twice. These results are qudatily
interesting when considered in light of our study,we see that
individuals are very likely to repeat queries.isltikely that many
of the repeat queries seen by a search enginepeated by the
same individual(s).

Some log analysis studies have looked at querigstezked by
topic [2, 17, 24]. Several studies have investidatiueries in
aggregate over time, to understand changes in paopul23] and
uniqueness of query topics at different times of . Wedig
and Madani showed that topics for a user are cammisver time
and different from one another, and that some usgrsat clicks
over long time periods [24]. Others have analygedries over
time for individuals, but focused on short peri@dgime such as
query sessions [11, 13].

Sanderson and Dumais [18] confirmed re-finding baha
observed by us in previous work [21] and extended work by
examining temporal properties of repeated searemes clicks
over a period of 90 days. They focused on the teal@spects of
repeat queries, finding, for example, that navagal queries are
repeated over longer periods of time than non-raidgal
queries. Our work is unique in that it looks amtinations of
query and click patterns for anonymous individualer long time
periods (one year). Because of the long time pesinidied we
are able to characterize the different ways usgeess the repeat
query intent and explore how they deal with reksitchanges.

3. STUDY METHODOLOGY

We analyzed search traces of queries issued t¥dheo search
engine over a period of 365 days (August 1, 2004uly 31,
2005) by 114 users. Search traces were consideredclusion
in the study if they included queries issued du@dndeast four of
the last ten days of the sample period. The aeetage was 97
days long (see Figure 1). The study was conduntedcordance
with Yahoo's terms of service and privacy policyAll traces

analyzed were strictly anonymous; data was newved ts match a
search trace with an identity. Furthermore, residported in this
paper rely solely on aggregated statistics, andhples are purely
illustrative.

For the analysis described here, we focused priynami the large
majority of queries for which there was a click @amesult page;
we excluded next-page clicks, clicks on alternateeryg
suggestions and instances where there was no afiel. The
data were not filtered to remove search spam asthetechanical
searches. Some of the strongest repeated-segrehted-click
traffic may come from robots and how those may b&ded
based on re-finding behavior is briefly discussaérl

In the analysis, we were not interested in veryristesm query
repetitions. Short-term repeat queries were mkslyl a result of
page refreshes or back-button clicks [14]. To resnshort-term
repeat queries from our data, we considered athimes of a
query that occurred within thirty minutes of anriteal query to
be a single query. The threshold was chosen bedhase was a
clear inflection in the data between the frequemtywhich

searches were repeated before and after this moiggesting that
the observed behavior was different.

We looked at the following information in our ansi: The query
terms issued; an anonymous key distinguishing #ee; uhe time
the query was issued; what results were clicked vahen; and
their position in the result list. In total, 13M&ueries were
observed (an average of 115 per trace). The azeragry length
(2.7 words), and average number of results cligatresult page
was similar to what is reported elsewhere [10].

4. IDENTIFYING REPEAT QUERIES

To successfully identify repeat queries in this adait was
necessary to associate queries by inferring trenintf the user,
rather than relying on the exact query string befapeated.
Many users repeated past query strings perfectly, (dbc world
service”). Of the 13,060 query instances, 4,25&3%, were an
exact repeat of a query issued by the same anorsyoeer ID at
another time. In contrast, only 860, or 7%, of calleries were
issued by more than one user.

Often, when identical queries occurred in the staee, the user
associated with the trace clicked on the sametsefallowing the
identical query issuances. We also found a nurobédentical
clicks that occurred following different queries .g¢
“pennsylvania lottery” and “pennsylvania powerball'However,
even identical queries did not guarantee a repieftt & was quite
common for repeat queries to lead to unique clickhis section
proposes a taxonomy of repeat queries, based oiousar
combinations of query and click comparisons, arsgutses their
probable underlying intent. In defining the taxomowe are
interested in both the query issued and the seticked results.
Table 1 represents all possible classificationgtam these two
dimensions (query string and click-through sets).

A number of the classes shown in Table 1 are vegoonmon
(e.g., queries for which there are multiple ideatidicks). In this
paper, we concentrate our efforts on understanttirgpopular
categories that are likely to include re-findindeimt (bolded in
Table 1). The broader the class of query capthyetthe category,
the more likely it is to include both re-findingtémt and other
behaviors. By adding restrictions, we reduce thmlver of false
positives, and focus on instances with clear rdifig intent.



Table 1. A classification of different query types.

Overlapping Click Queries

— 5072 queries (39%)

All queries: Equal Click Querie s — 3777 (29%)
i . .
13,060 queries (100%) Single Identical Click Multiple Identical Clicks | Some Common Clicks No Common Clicks
3737 (29%) 40 (< 1%) 1295 (10%) 7988 (61%)
Equal Query Queries Navigational Queries
qual Query Q g Q 36 (< 1%) 635 (5%) 485 (4%)
4256 (33%) 3100 (24%)
Different Query b o o o
8804 (67%) 637 (5%) 4 (< 1%) 660 (5%) 7503 (57%)
Repeat clicks are a reasonable proxy for re-findimgnt. Thus, through set£,; andC,, C, =C..

we are interested in the cases where users cliokethe same
results during two different query instances:

1. Overlapping-click queries Queries that have some common
clicks. This type captures related intent andhis bosest
form of repeated query. It is a superset of egliek
queries. Formally, given two click-through sefs,andC,,
corresponding to two querie, andg,, C; n C, # 0.

Even assuming repeat clicks are a good represemtédir re-
finding intent, overlapping-click queries do notessarily reflect
re-finding exclusively. Users may explore new tessas well as
old in overlapping-click queries (broadening ths&arch). Or
they may not want to re-find everything they foundially, but

rather to concentrate on more specific sets ofliegoarrowing).

The category of equal-click queries is more retéc

2. Equal-click queries- The user clicks on the same results for
the two queries. The queries may not be the saroemally,
for two queriesg; andd,, and the two corresponding click-

Table2: Waysthat similar query strings can differ.

Difference

Example

Exact

“california secretary of state” and “california
secretary of state”

Capitalization

“Air France” and “air france”

Extra Whitespace “britney spears” and “britney spears”

Word order “new york department of state” and
“department of state new york”

Stop words “atlas missouri” and “atlas of missouri”

Non-alphanumerics

“sub-urban” and “sub urban”

Duplicate words

“wild animal” and “wild wild animal"

Word merge “wal mart” and “walmart”

Domain “hotmail.com” and “hotmail”
Stemming and “island for sale” and “islands for sale”
Pluralization

Words swaps

“american embassay london” and “americar
consulate london”

Add/Remove Word

“orange county venues” and “orange county;
music venues”

Add/Remove Noun
Phrase or Location*

“Wild Adventures in Valdosta Ga” and “Wild
Adventures”

Abbreviations*

“ba” and “British Airways”

Synonyms*

“Practical Jokes” and “Pranks”

Misspellings*

“yahoo” and “yhaoo”

Reformulations*

“UN Secretary-General” and “Kofi Annan”

While looking at click patterns is likely to give eelatively
accurate picture of whether or not the user isingifig, search
engines generally do not know what their usersgaiag to click
on at the time a query is issued. For this reasenconsider
equivalence and similarity in the query stringsntbelves. In the
general case we can ignore the clicks associatibdeach query.

3. Equal-query queries- The user issues the same query but
visits a potentially disjoint set of Web pages.Given two
queriesg; andg,, we haver = gp.

Clearly, a combination of the two dimensions repnés a very
narrow, but precise, definition of re-finding inten

4. Navigational queries- Queries where the user makes the
same query and always clicks to one and only oseltrare
assumed to have a navigational intent. Given tuerigs,q;
andq,, and two corresponding click-through s&@s,andC,,

a navigational query is one in whigh=q, C; = C, and €|
= |Cy =1 (in practice, we find that whe®y = C, the size of
both is nearly always 1).

Navigational queries, as defined above, tendedetdob specific
corporate Websites, and were likely part of a dedlytine or at
least daily life. By far the largest categorynalvigational queries
contained searches for stores or businesses. gdixenof the
3100 navigational queries (2.4%), contained thedwtrank”,
presumably issued by users accessing online bankimg other
similarly sized categories of navigational querggstained the
word “news” (81/3100, 2.6%) and “mail” (80/31006%0).

An interesting category of re-finding queries wadined by the
entry of a URL, or a portion of a URL, in the sdabox. Of the
617 unique navigational query instances, 69 (11#@uded
“.com” in the query string. These represent 55hef 3100 total
navigational queries, or 18%. Although in manyesahese users
could have entered the URL into the navigation instead of the
search box, this is a very clear example of reifigdehavior that
needs to be supported by the search engine.

Currently browsers, search engine query boxes,taoitbars are
designed to encourage navigational queries by stipgdistory-
based auto-completion. This interface feature mékeery likely
that a user attempting to re-find will issue dugléequery strings.
Realistically, however, not all re-finding behavisrcaptured by
repeat queries. For example, an additional 5%uefrigs (over
the 24% of queries classified as navigational) aimeid different
query strings that produced a single equivalerkdCy| = IC5| =
1 butg, # @,). These queries are likely navigational in inteat
do not fall under the navigational query categagatibed above.



Table 3: The transformations that lead to the most frequent
normalizationsin different analyses.

Controlled Study
(27 instances)

Different Query-Single
Identical Click (DQ-SIC)
(311 instances)

Different Query-
Overlapping Click
(DQ-OC) (276)
Word removal only Stemming only (4,
(90, 8%) 15%)

Word swap only

Word removal only
(83 instances, 27%)

Capitalization only (51,

Capitalization only

16%) (40, 6%) (4, 15%)

Word swap only Capitalization only Capitalization and

(25, 8%) (22, 5%) word swap (3, 11%)

Word merge only Non-alphanumeric Capitalization and

(22, 7%) removal and word word replacement
removal (17, 3%) (2, 4%)

Non-alphanumeric Non-alphanumerical 14 other

removal and stop word
removal (14, 5%)

removal and word swap| combinations at 1
(14, 3%) instance each

Below we consider normalization functions (funcgahat render
two queriesnormalization-equivalent These functions allow
different queries with similar intent to be ideigd with each
other. That is, even though # g, (1) = N@y)-

4.1 How Queries Can Differ

Query strings used to re-find can differ from thaiiginal forms
in many ways. It has been shown that traditioredter space
measures of similarity are generally unsuitablefioding query
similarity [15]. To understand how to identify fieding, we
explored a number of potential differences betwestmilar
queries, enumerated in Table 2. Most of the difiees listed are
trivial to identify automatically, but some are nothose that are
starred — including abbreviations, synonyms, afarneulations —
are not considered in our analysis for this reason.

Note that normalization functions must be selectedefully

because many queries that look similar represemtises without
any overlapping clicks and thus are likely to barskes for which
there was no re-finding intent. There is an obsidtade-off
between the precision of the queries matched amdettall.

4.2 Normalization in the L ogs

In order to find an appropriate query normalizatfanction we
began by concentrating on those queries that reprgsotential
re-finding intent despite the query string beindfedent. This
class includes different query/single identicatkl{DQ-SIC) as
well as the different query/overlapping click (D@Dcategories
(see Table 1). The first category (DQ-SIC) is véikely to
represent simple re-finding as the user travelsctly to the same
Webpage. The second category (DQ-OC) contains pussible
variation in query intent, but is interesting topkxe because
search engines should support complex re-findingatier in
addition to the simple single repeat click behaviBrevious work
has identified over-lapping click queries as likedybe related in
meaning, and therefore useful for clustering qugi2s].

To find the optimal normalization our system auttioaly tested
all 2049 possible combinations of the 12 top tramstions from
Table 2 to find the minimal set of transformatidhat generated
normalization-equivalence between each query pMore than
one transformation was often necessary to genecptizalence.

For DQ-SIC queries we were unable to find a sinmpégping for
112 of the 423 unique instances (26%). These esiéended to
be very different. For example, topically relatedms with no

words in common could result in the same click.heétqueries
required too many changes (e.g., abbreviations) ame
considered failed inputs. Of the successful tiamsétions, 111
(or 36% of 311) required the removal of one wordy.(édisney
world” and “walt disney world”). Similarly, 44 (24) required a
word to be swapped. Generally only one transfammatvas
necessary to generate equivalent queries (79%).

For the unique DQ-OC queries, 142 of the 413 unip@OC
instances (34%) could not be normalized. Oveitapplicks are
likely related to the distinctness of the queryngfs, as suggested
by our difficulty normalizing DC-OC queries. The reodistinct
two queries are, the more likely they are to geweedstinct result
sets. We also find a higher incidence of word siragp (68/276
or 25%) and word removal (132/276 or 48%) in thsecaf DQ-
OC than for DQ-SIC. Likewise, only 180 queries ¥65f 276)
could be normalized with only one step, a drop fitbe DQ-SIC
case. Unsurprisingly, the lesson from this ansligsthat queries
which are exact or near repeats of previous quaresnore likely
to generate the exact same clicks as before.

Although such patterns observed in the logs img@finding
intent, the intent is never explicit. To furthexpbore query
normalization we initiated a controlled study ofwmteers doing
an explicit re-finding task. The results, desaiitrelow, allow us
to further sharpen our understanding of re-findamgl serve as a
useful comparison to the log study.

4.3 Controlled Study: How People Remember
To better understand how people remember past egleve
analyzed the data collected through a separateersify-based
small-scale study where volunteer participants vasied to issue
a self-selected query and interact with the seaeshilts as they
normally would. After an interval of a half houo &an hour,
participants were emailed a brief survey that askeein to
remember the query they issued without referringklia it. The
results of this study give insight into how easysito remember
past queries and how likely people are to remertiizen.

One hundred and nineteen people participated irsthey. Of
those, 52% demographically self-identified as maled 45% as
female. Sixty four percent reported being agedt®39, 18%
over 40, and 15% under 25. Almost all (97%) regarising a
computer daily. In general the follow-up surveyswampleted
within a couple of hours of the initial search.xt@inine percent
of all survey responses were received within thiears of the
initial search, and all but five were received witta day. The
average initial query length was 3.2 words, agegmparable to
previous work [10]. Even though the elapsed tineéween a
participant’s initial query and the moment when dreshe was
asked to remember it was relatively short, theioalgquery was
misremembered 30% of the time (36 of 119 queryspair

We applied the same combinatorial analysis to tita dollected
through this study as we did to the query logs. tkd¥ 36
misremembered queries, 27 (or 75%), were foundteduivalent
after some normalizations. The nine remaining gpeirs appear
to have arisen from participants summarizing thgievious
queries instead of repeating them (e.g., “whatshést pricing
available for a Honda Pilot or Accura MDX ?3 “best pricing
for Accura MDX”). Of the 27 that were normalizatio
equivalent, case normalization was needed in 18scéw 44%).
In 9 of the 27 (33%), stemming of individual termas necessary.



In a full 30% (8/27) one word was

substituted. For some this was due
to misspellings (e.g., “helment” kY
instead of “helmet”), and for others S
it was due to the use of synonyms| ,®
(e.g., “where might | find...” versus | 2*
“where can I find...”). °
Interestingly, only four query pairs

of the 27 (14%) were normalized by o% 1% 2% 3 4 5

Navigational Queries as Percent of Queries Issued

removal of a word. This is in

Distribution of Navigational Queries
(Users issuing 19 or more queries)

64%  75% 85% >86%

Distribution of Unique Navigational Queries

# Users
N
&

1% 6% 12%  17%  23%  28%  34%  >45%
Unique Navigational Queries as Percent of Total Uni  que Queries

contrast to the 36% in the log study
(DQ-SIC case). Sixteen queries (or
59% of the 27) required more than
one normalization step (e.g., word
orderand stop word removal).

Queries

The six most effective normalizations for our exmpents are
shown in Table 3. One notable difference betwéentivo data
sets is that the log contained many more instanfetuplicate

words and word ordering changes. There are a nuailseasons
why the anonymous log and controlled volunteer istidnay

differ. In particular, there was a significantfdience in elapsed
time between queries for the two studies. The amgeertime

between overlapping-click queries in the logs i®ro%2.2 days
(292 hours) with a median of 30 hours. This longgerval

presents many more opportunities for users to foogechange
their queries. However, in the log study usererofhad the
opportunity to learn effective querying for freqtignsought

information. Many log queries were issued morenttwice and

likely to be more memorable as a result. The adlett study was
biased towards queries being memorable in thaicgaahts knew
they were participating in a study, and against that the recall
event was prompted by an email rather than sedfetid.

5. INDIVIDUAL BEHAVIORS

Because navigational queries were prevalent, wéoeeg their
frequency and significance for individual usersf tii& 114 users,
102 issued at least one equal-query query, and 7&PRo)
performed at least one navigational query. Fiftbad equal-
query queries but no navigational queries, possiticating they
were explorers [26]. If we remove the bottom 2p#rcentile of
users who issued the fewest queries (those issuitger 19
queries) we find that 76 (88%) of 86 have issuedeast one
navigational query (the distribution of these iswh in Figure 2).

Of the 87 users performing navigational queries, rtfedian user
issued 3 unique navigational queries. The aveuageissued 7.6
unigue navigational queries (although removing oser, with a
remarkable 103 unique navigational queries, deescathe

average to 6.5 unique navigational queries). Camgig those
users who have issued navigational queries we firad on

average ~10% of those users’ unique queries ar@atanal

(median of 6%). This distribution is depicted iigle 3.

Analysis of individual behavior may lend itselfttee detection of
robots and search engine optimizers. Users withymagularly
spaced navigational queries are possibly using wonsated
system. For example, one trace contained 50 navgdtqueries
in 52 visits (96.2%); another contained 334 navigetl queries
out of 417 total queries (80.1%).

Figure 2: Distribution of Navigational

Figure 3: Distribution of unique
navigational queries (for those users
issuing navigational queries).

While it is clear from this analysis that not adleus issue many re-
finding queries, nearly all issue some and for mémg is a
significant portion of their query behavior.

6. AFFECT OF CHANGE ON RE-FINDING
Given the prevalence of re-finding queries, it msportant to
understand which search engine features help anithwh
negatively impact the user’s re-finding objectiv@earch engines
are constantly attempting to improve results thtotkge discovery
of new resources and the creation of new rankimgtegies.
While this benefits users who are looking for thestbnew
information, the rank change of previously viewearsh results
can adversely impact those users attempting tonde-fSince the
queries in our logs occurred over a sufficient gerof time for
the results to change in response to repeated egieti was
possible to observe to what extent changes to Isemsult
ranking affected the users’ ability to re-find infmation.

We found that when a previously clicked result @ehposition,
users were less likely to re-click results. Thigygests that
changes to result ordering caused people to re-fiess

information and view more new information. This ot

necessarily a bad thing if the new information é&tér than the
old. However, users frequently would like to firieetsame result,
as evidenced by the significant number of navigeticqueries.
More critically, we observed that when the searatiieked on a
previously viewed result, the time it took to make click was
significantly longer if the rank of the result hatlanged in the
meantime. This suggests that changing the rark @fsult can
lead to noticeable changes in user behavior; wheth@ot such
changes are beneficial to the user should be ceregccarefully.

6.1 Rank Change Reduces Chance of Click

To understand how a change in a result's rank taffeclick

behavior, we looked at how likely a result was ¢oclicked again.
Because the dataset did not contain results theg net clicked,
we were only able to identify result lists that hatthnged when
we observed rank changes among clicked resultgueries with

overlapping-clicks. A better understanding coutdderived from
a knowledge of which results were displayed, e¥@ot clicked.

We looked at all queries that had overlapping-cgliciVe
compared the probability that any given click woblel a repeat
click for these queries under two conditions: (Hem a change in
rank was observed among one of the overlappingsclmd (ii)
where no rank change was observed. We found tthas much
more likely for a repeat result to be clicked iété was no change
in rank: 88% percent of the clicks for overlappiigk queries
were repeat clicks if there was no change in rarle only 53%
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(likely due to learning). When previously clickegsults
move down in rank, time-to-click increases. A hym@sis

Figure 4: The probability of
aresult being clicked again as
a function of the order in
which the result was clicked.

of the clicks were repeat clicks if there was ang®in rank.
These estimates were obtained by averaging allecotise pairs
of overlapping-click queries.

repeat click

Figure 4 shows the probability that a clicked reswds a repeat
click as a function of the order in which the climgcurs following

a repeat overlapping-click query. The dashed caoreesponds
to the probability averaged over those searchesevhe rank

change was observed; the solid curve corresponds taverage
where at least one result changed rank. Compatiegtwo

curves, we see that a change in rank between guerakes it
substantially less likely that a given result vaél clicked on again
during a follow-up search.

Also in Figure 4 we see a sharp drop in the prditaloif a repeat
click between the first result and the second. eBithat a finite
number of results were clicked initially, it seereasonable that if
the user first clicks on repeat results then thebability of a

repeat click would tend to drop with increasing fens of clicks,

as the user exhausts the set of previously-cliglesdlts. The
drop continues past click two when restricted foksl on results
with rank changes, which would seem to indicatd tisers are
more likely to click on new results as they conéino interact
with the result list than they are to click on poasly clicked

results which have changed rank.

It is not immediately obvious from this analysis etler a
decreased likelihood of re-finding reflects a pwsitor negative
influence of result list changes on user experienttecould be
that the changes interfered with re-finding, ocauld be that the
searcher found new and better information in the result set.

6.2 Rank Change Slows Re-Finding

To get a better idea of whether changes interfeiigdre-finding,
we looked at queries where we were certain thatrindtion was
being re-found, as evidenced by a repeat click.caBse easy
searches are likely to take less time than hardarches, we
looked at the time interval between a search atlitlaon a result
that was seen before. For this reason, we meashedime from
when a query was issued until the common URL wikexd for
different-query, overlapping click queries.

Table 4 shows the average number of seconds it timaick a
URL that was clicked during the initial session whbat URL
was (i) shown at the same rank it originally appdarand (ii)
shown at a different rank. If the rank of the fedwad not
changed, the second click occurred relatively dujakhile if the
rank had changed, it took significantly<Q.01) longer. Changes
to result ordering appear to slow re-finding.

Figure 5: Probability of

consistent with previous work on eye-tracking irarsé
[7, 8] is that users pay more attention to earhkeal
items. Thus, if a previously clicked on result raswp, it
is more easily re-found via a visual scan. In filtere,
we hope to statistically confirm these findings using
longer traces.

7. PREDICTING THE QUERY TARGET

A potentially desirable search engine behavioregithe impact
of rank changes, is to impose more stability onrésellts returned
by searches where re-finding is deemed to be ttemtin To do
this, it is necessary to quickly and accuratelyssify queries to
determine the best results for a given user gieefinding intent.

This section looks at predicting whether a previpugewed

result will be clicked based on the query strind past clicks.

Repeat searchers may be looking for new informat@nthey
may want information that they have seen beforewas most
common to look for the same information: approxiehat87%
(3692/4256) of equal-query queries were also opeitey-click
queries. Fewer queries (1632 or 38%) resultedtifeast one
unique click. Searchers did not always want omdyar only new
information when they issued equal-query querie%%6 of the
queries, or 1070, involved both a repeat click anchique click.

This section begins by looking at the effect tHapsed time and
number of previous clicks have on repeat queridavigational
queries are particularly easy to predict, and #eydiscussed in
greater detail, as are other query types.

7.1 TheEffect of Elapsed Time

We looked at how the elapsed time between equalyqugeries

affected the likelihood of observing a repeat clickThe

probability of a repeat click as a function of edag time between
identical queries can be seen in Figure 5. Repeaties that
were issued very close together in time (e.g.,iwigieveral hours)
had a relatively low probability of resulting inr@peat click. The
probability of a repeat click for queries re-isswethin an hour is
64%, compared with the earlier reported overallrage of 87%.
Queries repeated very quickly probably occurrechat of the

same search session, and represent instances thkenser was

Table4: Time-to-click (in seconds) as a function of rank change.

Query type Mean Median | StdDev
All (rank changed & unchanged) 178 22 333
* Rank unchanged (all types) 94 6 234
* Rank changed (all types) 192 26 365

« Equal-query 186 22 343

* Non-equal 147 25 288

* Non-equal-no rank change 43 6 94

* Non-equal -rank change 226 77 354




looking for something new.

The probability of repeat clicks climbs quickly, vaever, for
intervals longer than a day or two. Once it reachepeak, the
probability of a repeat click between identical qeg slowly
declines. This may represent a trend to forgetipusly seen
information over time.

7.2 Navigational Queries

We found we were able to accurately predict theliliood of a
repeat click based on a history of clicked resintim past queries.
Navigational queries were particularly easy to predRecall that
navigational queries are equal-query queries whaee user
clicked on the same result for each query instaarw did not
click on any other results. Using this definiti&Q7 (or 47%) of
all unique equal-query queries issued were labeéetbational.

Navigational queries tended to be somewhat shortength than
other queries (13.6 characters, compared with ¢6atacters for
non-navigational equal-query queries and 16.7 cdbars for
overlapping-click queries). This seems reasonabéeause
navigational queries are probably intended to beasy way to
return to a Web page, and thus should be shorteasy to
remember. Navigational queries were also mordyliteinclude

an indication that they were a search for a URL%01&f all

navigational queries contained “.com”, “.edu”, omét’, as
opposed to only 5% of non-navigational equal-qugrgries.

Navigational queries were also repeated more atftam other
repeat queries (4.0 times, compared with 3.8 fanakquery

queries and 3.3 for overlapping-click queries) aasl,found by
Sanders and Dumais [18], the interval between rdiigal

queries was longer (22 days, compared with 20 dags16 for
equal-query and overlapping-click queries respebtt)v It is

likely that navigational queries occurred more ofteecause they
are more of an access than a search strategy, eopleptend to
access more than search. The longer intervalspeosbably

because the queries are probably chosen to becuarty

memorable even across long periods of time.

It was easy to predict whether a query was nawgatigiven two
previous instances of the same query as training dBy doing
this, we were able to automatically classify 18dd.,12%, of all
observed searches on the fly as navigational. these searches,
we could predict with 96% accuracy one of the URlisked.
When restricted to predicting the first URL clickeatcuracy only
dropped slightly, to 95%, and if predicting thatyothat URL was
clicked, accuracy dropped slightly more, to 94%.

It was less easy to identify a navigational quesing only one
previous query. While doing so covers more ofdhta (2955, or
23%, of the searches), the prediction was righy &7% of the
time. Given 87% of all equal-query queries invobrxeerlapping
clicks, it is not at all surprising that we can gice exactly which
result will be clicked 87% of the time given we knadhe user
only clicked one result before.

7.3 Other Typesof Repeat Queries

We also investigated whether it was possible taliptevhether a
user was going to click on new or repeat resultsefpual-query
queries that were not navigational. Using featws@ggested by
the earlier analysis presented in this paper, sschlapsed time,
query length, and number of results clicked presfipuwe trained
an SVM (http://www.cs.cornell.edu/People/tj/svmhiifj to

predict two outcomes: (i) whether or not a new ltesould be
clicked, and (ii) whether or not a repeat resultilgidoe clicked.

The strongest predictors for a click on a new teswluded the
number of times the query was issued previously (&rt was

issued more than once before), whether any prelyiotiswed

result was clicked more than once, and severalfestthat were
the same for queries that were repeated only twice:

« Number of clicks the first time the query was isue
* Number of clicks the previous time the query wasiésl
« Number of unique clicks the previous time

While no correlation was found between the numbetioks and
the likelihood of a repeat click, given the valddtmese features in
predicting new clicks it seems it is indicativeaofiew click.

The strongest predictors for a repeat click weréhaj only one
result was clicked during the previous search, bBhdhat the
query had been issued more than once. These dsatwe also
useful for identifying navigational queries, whi@xperience a
high incidence of repeat queries (although queidestified as
navigational queries were excluded from this anglys

Using the features described above, and leave-onhesmss-
validation, we compared the ability of the SVM tegict whether
a new result or a unique result would be clickéd. our baseline
we used the accuracy that could be expected if Ipeojgre
always assumed not to click on something new (6lad&tiracy)
and to click on something they clicked before (%4.d@ccuracy).
In both cases, we found the SVM was able to makigraficantly
(p<0.01) better prediction at 79.3% accuracy for radieks (an
increase of 30%), and 78.1% for repeat clicks (@neiase of 5%).
The SVM probably does a better job predicting ndieks than
old because the navigational query data, which thas most
easily identifiable repeat click data, was excluded

We also looked at including the user as a featurthé learning.
While this led to a slight improvement in both g80.1%
accuracy in predicting new clicks and 79.4% accyrac
predicting repeat clicks), the difference was najnificant.
However, we suspect that users do exhibit distiepgeat and new
click behaviors, and we probably need to accumudalgitional
features that will allow us to capture this distion.

8. DESIGN IMPLICATIONS

The findings presented in this paper have manyfiegations for

search engine design, and potentially for browsard search
toolbars. Re-finding, or searching for previoushourid

information, represents a significant fraction afeu behavior.
Traditionally, search engines have focused on metgr search
results without consideration of the user’'s pasrguistory, but
the results of the log study suggest it might bgoad idea for
them to do otherwise. Although finding and re-fiigitasks may
require different strategies, tools will need taratessly support
both activities. As shown in the log analysis, pemften clicked
on both old and new results during the same search.

Because people repeat queries so frequently, seamgmnes
should assist their users by providing a meanseping a record
of individual users' search histories, perhapsuofavare installed
on the user's own machine. A number of searclotyistesigns
have been explored (e.g., [12]). The results @f libg study
indicate it is important to account for individudifferences in
how people repeat queries. For example, diffeusats made use



of repeat queries at different rates, and may litefnem having a
different amount of screen real estate devoteddplaling their
search history. Furthermore, search historiesdcbalcustomized
based on many factors including the time of daysers with a
large number of navigational queries may also beffrefm the

direct linking to the Webpage (possibly labeledhtite frequent
query term). This form of shortcut could be higkffective for

many in terms of rapid access to information.

While a user may simultaneously have a finding esfinding

intent when searching, satisfying both needs maynbeonflict.

Finding new information means being returned thest beew
information, while re-finding means being returribd previously
viewed information. We found that when previousfigwed

search results changed to include new informatio@ searcher’s
ability to re-find was hampered. It is importantdonsider how
the two search modalities can be reconciled sceaaan interact
with new, and previously seen, information. As Taey20] has
previously proposed, before information is allovteathange, it is
important to understand which aspects of it thgteason has
already interacted with are memorable.

Despite the personal nature of re-finding, it isgible that repeat
queries from one user could benefit another. PFample,
popular results for navigational queries could lebally elevated
by the search engine for the benefit of everyowkile desirable
in theory, in practice this may encourage seardinenspam. In
contrast, personalizing search results based aclsééstory can
help avoid potential problems caused by spam.

9. CONCLUSION

In this paper, we looked at the queries issuedléading Internet
search engine in 114 user search traces over threecof a year,
and studied 119 users in a separate universitydbesatrolled

experiment with volunteers. We observed that regearches
and repeat clicks were very common. We found & p@ssible to
predict which queries were navigational and whaults were

likely to be clicked. Changing the rank of a pomsly clicked

result appears to hinder re-finding, so click pcédns should be
used carefully by search engines to customize beaaults in a
manner consistent with the user’s search habits. aW currently
continuing work in this area with a larger set afets. In

particular we are interested in further analyziegeat queries for
individual users and broader notions of repetifiery., repeating
query chains, or co-occurrences of queries in timale are also
pursuing an understanding of user behavior dutiegpitentially

iterative process of refining a query for re-finglirasks.
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