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ABSTRACT

Search engine switching describes the voluntardgdition from

one Web search engine to another. In this papepnegsent a
study of search engine switching behavior that dopwlarge-
scale log-based analysis and survey data. We dkazmcaspects
of switching behavior, and develop and evaluatelipteee mod-

els of switching behavior using features of thavactjuery, the
current session, and user search history. Ourrfggdiprovide
insight into the decision-making processes of $eargine users
and demonstrate the relationship between switchimg) factors
such as dissatisfaction with the quality of theulss the desire for
broader topic coverage or verification of encousdenformation,

and user preferences. The findings also revealcgrff consis-
tency in users’ search behavior prior to engindching to afford

accurate prediction of switching events. Predicthadels may be
useful for search engines who may want to modify $earch
experience if they can accurately anticipate acbwit

Categories and Subject Descriptors
H.3.3 [Information Search and Retrieval: search process.

General Terms
Measurement, Experimentation, Human Factors.

Keywords

Search engine switching.

1. INTRODUCTION

Search engines such as Google, Yahoo!, and LiveSé&cilitate
access to the vast quantities of information preserthe World
Wide Web. A user’'s decision to select one seardjinenover
another can be based on factors including reputatzniliarity,
effectiveness, and interface usability [19]. Searsimay not use
the same engine for all queries; they often swiitetween differ-
ent engines within and between sessions [14,18 Rfdvious
work on switching has promoted multiple search eagise [22],
predicted when users are going to switch [11,1tbllied switch-
ing to develop metrics for competitive analysi€ngines in terms
of estimated user preference and user engageméhtdi built
conceptual and economic models of search engineefits,21].
However, despite the economic significance of emgiwitching
to search providers, and its prevalence among enggers, little
is known about the rationale behind switching, ibbavior itself,
or the features most useful in predicting switchégnts.
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In this paper, we present research on the chaizatien and
prediction of search engine switching behavior. Y¥eus on
switches within a session rather than betweenaessiitches
(that may be task-oriented) or long-term switchésat( may
represent significant shifts in user preferencesattings). With-
in-session switching is most common and allowsousttdy the
antecedents of switching in more detail. We use ¢amplimen-
tary methods- large-scale log analysis and user survey data
provide a rich picture of switching behavior. Logta enables us
to examine patterns of behavior for large numbéisdividuals,
and the survey data enables us to understand sfoifme @tionale
behind the observed patterns. The reasons behadwitches,
such as user frustration, a desire for topic cayei@ fact verifi-
cation, prior experience, and interface usabilitg challenging to
reliably study in logs but can be identified in\gy responses.

In addition to characterizing switching behavior aleo investi-
gate the effect of different features on the acopi switch pre-
diction models. We build models with rich sets editures derived
from the active query, recent interaction behafiom within the

current search session, and/or the user’s long-¢eanch history.
Earlier work on switch prediction applied data miopitechniques
to user actions encoded as character sequencé$s].1dpwever,
such sequences are only one way to representdtiterdoehavior
and may not always be available to search engihestherefore
important to understand what other features caid yaecurate
switch predictions. We extend previous switch prédn research
using a broad set of features derived from our dog survey
analysis. Through our methodology we characteriopgrties of
queries, sessions, and user histories that aretgailg useful in

prediction. A better understanding of which feasumntribute
most to improving prediction accuracy can yield poiwl models
that do not depend on complex representations afingeraction
history, making them more attractive for large-sadgployment.

The remainder of this paper is structured as fdlo®ection 2
outlines previous work on predicting query diffiguand charac-
terizing search engine switching behavior. Sec8agprovides an
overview of the log-based analysis and survey nutlogies. In

Section 4 we characterize switching behavior, idiclg aspects of
the pre- and post-switch interaction. In Sectiowe investigate
the predictive value of query, session, and usaufes in isola-
tion and combination. We discuss our findings amartimplica-

tions in Section 6 and conclude in Section 7.

2. RELATED WORK

Two lines of work are relevant to our researchdpmting query
difficulty and characterizing search engine switchbehavior.

There is an established record of research inrnmdtion retrieval
that addresses the challenge of predicting quenfpeance, and
the influence of different query representationsdocument re-



presentations on such performance. A high-level gbthat work
is to understand differences in performance acgossies to de-
vote additional resources or use alternative methas appropri-
ate, to improve the overall search experience.éxample, if a
system knows which queries are difficult, it couldvote addi-
tional resources to enhancing search results @metlgueries, or if
a system knows which algorithms work best for atipalar
query, it could improve performance by selecting mhost appro-
priate algorithm for each query. While it is easyshow that us-
ing different query representations [2] or retriewendels [1] can
improve search performance, it is more challengmgccurately
predict in advance which methods are most appriapria

Measures such as query clarity [6], Jensen-Shadi@rgence
[4], and weighted information gain [23] have beeveloped to
predict performance on a query (as measured byageepreci-
sion, for example). Leskovec et al. [16] used giegdlproperties
of the link structure of the result set to prediw quality of the
result set and the likelihood of query reformulatideevan et al.
[20] developed methods to predict which queriedadouost ben-
efit from personalization. In research more closedated to
search engine switching, White et al. [22] devetbpeethods for
predicting which search engine would produce thst besults for
a query. For each query they represented featditbe guery, the
title, snippets and URLs of top-ranked documents, the results
set, for results from multiple search engines, l@adned a model
that predicted which engine produced the best tedal each
qguery. The model was learned using a large numbgueries for
which explicit relevance judgments were availalilme way in
which such results could be leveraged is to prontio¢euse of
multiple search engines on a query-by-query basisig the pre-
dictions of the quality of results from multiplegines.

A user’s decision to use one search engine ovehan@ depen-
dent on many factors including reputation, famitigrretrieval

effectiveness, and interface usability [19]. Simifactors can
influence a user’'s decision to switch from one cleangine to
another, either for a particular query, a partictiéesk if another
engine specializes in such tasks, or more perminast a result
of unsatisfactory experiences or relevance charigesxample.

Some research has examined engine switching beh&dme of
the earliest research in this area was by Mukhogadbt al. [18]

and Telang et al. [21]. They used economic modgishoice to

understand whether people developed brand loyaléygarticular
search engine, and how search engine performascedasured
by within-session switching) affected user choideey found that
dissatisfaction with search engine results had bhtrt-term and
long-term effects on search engine choice. The gkttas small by
modern log analysis standards (6,321 search esgiitehes from
102 users), somewhat dated (data from June 1998y-1999

including six search engines but not Google), amgt summary-

level regression results are reported. Juan anchdCh®4] de-

scribed some more recent research in which theyrgurine user
share, user engagement and user preferences liskndata from

an Internet service provider. They identify threge classes
(loyalists to each of the two search engines studia switchers),
and look at the consistency of engine usage pattever time.
Neither of these studies addressed the challengpredficting

switch behavior. Accurately predicting if a useamout to switch
allows the search provider to offer additional seaupport.

Heath and White [11] and Laxman et al. [15] develtbmodels
for predicting switching behavior within search siess using
sequences of user actionsg(, query, result click, non-result

click, switch) and characteristics of the pagegteads(type of page
and dwell time) as the input features. Heath andt&\/ih1] used a
simple threshold-based approach to predict a swveittion if the
ratio of positive to negative examples exceedddeshold. Using
this approach they achieved high precision for tewall levels,
but precision dropped off quickly at higher levefsrecall. Work-
ing with the same data, Laxman et al. [15] develop@enerative
model based on mixtures of episode-generating Hiddarkov
Models and achieved much higher predicative acgurghe re-
search reported in this paper is similar to thie lof work, but
extends it in several ways. We use a richer séatfires to cha-
racterize properties of the query, the search @esand the user.
We compliment a large-scale log study with a suredevelop
insights about people’s motivations for switchinglaharacteris-
tic behaviors, which we use to develop more abttieatures
such as “several related queries in quick successitihout
clicks”. We also observe user behavior over a lomggriod of
time (six months), and study both pre- and postetwehaviors.

We now describe the log analysis and user surved @as the
basis for our characterization of switching behavio

3. LOG-BASED ANALYSIS AND SURVEY

We collected data from two complimentary methodarge-scale
log analyses and a user survey or questionnaire |ddganalyses
provide insight into a range of user activitiessitu. The survey
provides insight into the reasons for the obsethelaviors. [10,
13] have more on combining logs and other dataucaphethods.

We analyzed six months of interaction logs fromt8eyber 2008
through February 2009 inclusive, obtained from hradd of thou-
sands of consenting users through a widely-diskeithtbrowser
toolbar. These log entries include a unique idiemtior the user,
a timestamp for each page view, a unique browsedavi iden-
tifier (to resolve ambiguities in determining whiblowser a page
was viewed), and the URL of the Web page visitattahet and
secure (https) URL visits were excluded at the sauin order to
remove variability caused by geographic and lintjigariation
in search behavior, we only include entries geeerat the Eng-
lish speaking United States locale. Any personaigntifiable
information was removed from the logs prior to gs@. From
these logs we extractadarch sessions. Every session began with
a query issued to Google, Yahoo!,ldave Search and could con-
tain further queries or Web page visits. A sessiotgied if the user
was idle for more than 30 minutes. Similar critdréve been used
in previous work to demarcate search sess®gs,[7].

We compliment our log analysis with a survey ofrasexpe-
riences with search engine switching. We distridutee survey
via email to 2,500 randomly-selected employeesiwikhicrosoft
Corporation. 488 employees completed the surveya i@sponse
rate of 19.5%. The survey contained a mixture afroand closed
questions. We were particularly interested in tfigi responses
concerning the rationale behind engine switchingeesithis is
something that the log data does not provide. We atked ques-
tions regarding the frequency with which peopletchéd en-
gines, characteristics of their most recent switghépisode, and
patterns of activity that preceded switching eveive-point
scales were used where appropriate, witéner, Rarely, Some-
times, Often, Always used to elicit frequency information.

4. CHARACTERIZING SWITCHING

We now analyze our logs and survey data with thjeable of
characterizing aspects of switching behavior. W&t foresent an



overview of the log data and the survey data. W ttocus on
aspects of the search behavior prior to the switetiuding com-
mon actions, temporal dynamics, and significantr @szion se-
qguences. In addition, we study post-switch behaviacluding
post-switch activity and estimates of post-switsknsatisfaction.

4.1 Overview of log data

From the logs described in the previous sectiorexteacted 1.1

billion search sessions beginning with a query tm@e, Yahoo!

or Live Search in the six month duration of thedgtuA search

engine switch occurs if consecutive queries withisession are
issued to different engines.d., query Google then query Live).
Of the 1.1 billion search sessions, 42.9 milliorD¢4) contained

at least one search engine switch between two eftlihee en-
gines, and 10.8 million (25.1%) of those switchsgssions had
multiple switches. In total, we observed 58.6 millinstances of
search engine switching behavior comprising 1.4%lloGoogle,

Yahoo!, and Live queries in the six-month perioflalDswitches,

7.4 million (12.6%) exhibited the same query on pine-switch

and post-switch engines.

As noted above, search engine switches were olusénvé% of

all search sessions. However, switches are maelylik occur for
longer search sessions. Figure 1 shows the pratyadfilswitch-
ing, P(Switch), for sessions of varying length, as measured by th
number of queries in the session.
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Figure 1. Probability of switching given session tagth.

As search session length increases, perhaps becftise nature
of the user’s task or the quality of search restitis likelihood of
switching also increases. For sessions that incfivdeor more
queries, switches occur approximately 10-14% oftitne.

Of the 14.2 million users in our log sample, 10.iom (72.6%)
used more than one engine in the six-month duratfahe logs,
7.1 million (50.0%) switched engines within a séasession at
least once, and 9.6 million (67.6%) used differengines for
different sessiond.g., engaged in between-session switching). In
addition, 0.6 million users (4.4%) “defectédffom one search
engine to another and never returned to the preéogine.

Although search engine switching describes theviacf volun-
tarily shifting from one search engine to anotlilee, switch itself
can happen in at least three ways:

L Our definition of defection was a switch from oeegine to
another, issuing at least one additional queryhenpost-switch
engine, and never returning to the origin enginerévrelaxed
variants of these criteria would likely yield matefections.

1) Browser: Issue query directly from a browser search box or
browser toolbar by first selecting search provifleeeded.

2) Navigate: First visit search engine homepage via the browse
address bar and then issue query.

3) QueryToNavigate: First query for a search engine namg.(

search Yahoo! for [google], [google.com], etc.)sivithe
search engine’s homepage, and issue query.

A switchingevent is defined as any of these three switch types.

In the 58.6 million examples of switching behavibese switch
types were distributed as followBrowser is 69.2%,Navigate is
18.3%, andQueryToNavigate is 12.5%. It appears that browser
search boxes and optional browser toolbars falisgarch en-
gine switching behavioNavigate andQueryToNavigate both rely
on the explicit recall of the destination engineneaor URL by
the user before the switch can occur. This presepisssible bar-
rier to switching in this way. In contra®rowser requires only
user recognition of an engine in a list of searchvigders or
switching cues provided to users when searchingtioer engines.

4.2 Overview of survey data

70.5% of survey respondents reported that theyshatthed be-
tween different search engines either within omeen sessions.
This percentage is remarkably similar to the pesmgs (72.6%)
observed in the log-based analysis reported inptiegious sec-
tion. This increased our confidence about the cbascy of the
two data sources used for this study. The respdadem did not
switch did so because they were satisfied with éhgine they
used (57.8%), they believed that no other engineldvperform

better (24.0%), or felt that it was too much efftotswitch en-
gines (6.8%). Other reasons provided included tgydkerived

from features such as long-term histories or psivamtection,

consistency, and distrust or dislike of other deamgine brands.

66.8% of those who reported that they switched reegidid so
within a session at leaSometimes and 24.4% of subjects switch-
ed within a sessio®ften or Always. As part of our survey we
asked those respondents who switched with a sessiprovide
the rationale for their switching behavior. Theg &b by selecting
at least one explanation from a list of possiblsoms provided to
them. In Figure 1 we present the breakdown of nesp® grouped
by the response options offered to respondents.

Frustration 10%,

Dissatisfaction 24%
Curiosity 17%

Other 3%
Unintentional 2%

Coverage/\Verification 9%

Expected better results 23%
Destination preferred 3%

Destination typically better 9%

Figure 2. Reasons given for search engine switching

There are three general types of reasons: dissatmi with the
quality of results in the original engine (dissfttsion, frustra-
tion, expected better results), the desire to yeiffind additional
information (coverage/verification, curiosity), anaser prefe-
rences (destination preferred, destination typjch#tter). These
same three motivations were also seen in free-furmey feed-
back. Respondents who answer@ther listed reasons such as



loyalty, hope, and search applications that lemthéew the re-
sults from more than one search engine simultamgous

Although we focus on within-session switching istpbaper, we
also asked survey respondents to describe andhaditie any
between-session switching behaviae.( attempt one session on
one engine and another session on a different engmong-term
switching (or defection). 46.5% of those who switghdid so
between search sessions at |&astetimes and 14.2% of switch-
ing respondents did so between sessiOftsn or Always. The
reasons that respondents gave for between sesgitching were
that the destination engine typically performs drefor the task
they were attempting (55.2%), any engine would hswiiced
(18.6%), or unintentionale(g., different entry point or different
computer) (12.8%). Other reasons included trust diffdrences
in engine performance for different markets.

40.4% of subjects reported having defected from seach en-
gine to another and never or very rarely returniogthe pre-
switch (origin) engine. 82.7% of subjects reportieat they were
happy with their decision to defect. This is substdly higher

than the 4.4% observed in our log analysis, araylikeflects the
fact that we used only three popular engines ih @halysis (but
our survey respondents may try new engines fort gferiods of
time), and our strict definition of defection. Th&in reasons for
defection were many dissatisfactory experiences wie origin

engine (43.9%), one particularly dissatisfactorpexience with
the origin engine (7.9%), more relevant resultsotimer engine
(20.1%), or a new entry point such as a browserchehox or

optional browser toolbar (28.1%). Since the effefctlissatisfac-
tion appears cumulative, search providers shoutimptly ad-

dress all forms of dissatisfaction in order to iretheir users.

We now describe aspects of pre-switch behavior.

4.3 Pre-switch behavior

A better understanding of the antecedents of switclean help
explain switching behavior and facilitate the aeterprediction
of switching events. We used all 58.6 million sWwittg events in
our logs and analyzed important pre-switch intéoast

4.3.1 Actions preceding a switch

We began our analysis of pre-switch behavior bguwating the
frequency of actions immediately preceding a svitghevent,
defined earlier as one 8fowser, Navigate, or QueryToNavigate.

There are five actions that we consider: Query,irRdign (.e.,

requesting the next page of search results foctinent query),
Clicking on a search engine result page (SERP)kid on
another (non-SERP) page, and Navigation to angbage not

associated with a clicke@., through browser address bar). We

also identify cases in which the switch occurs irdiately at the
start of the session and the preceding event i$ &tasion. Figure
3 shows the breakdown of actions immediately beéomawitch.

The most common pre-switch actions are queriesovied by

non-SERP clicks, SERP clicks, and navigation t@iopiages.

We also studied in the extent to which this disttitin of activi-
ties held across the search process. Figure 4léafeshows the
temporal dynamics across all 58.6 million switchresiore detail.
In particular, we show the probability of an actidt{(Action),

occurring at different time points leading up tewvéitch. We con-
sider the five actions described above: Query, ridigin to the
next SERP, Click SERP result, Click non-SERP limkNavigate
to page. The top panel of the figure shows the gntam of each
action as a function of time in the session befbeeswitch. The

Query 35%

Pagination 1%

Click result 15%

Start session 9%

Navigate to page 15%

Click other 25%

Figure 3. Observed actions immediately preceding switch.

time scale is normalized to show proportions of tol pre-
switch session time. Visible oscillations R{Action) can be attri-
buted to bucketing noise during normalization. 8w that occur
shortly after the first query in the session amvahat the left, and
those that occur just before the switch are showtheright. A
query occurs 100% of the time at the beginning sEssion by
definition. The proportion of total actions thaétuery represents
decreases as other actions become important. SHE are
common early in the process, accounting for 50%hefactions
immediately following the query, but fall off aftéhat. This is
similar to a result reported by Downey et al. []Jwhich SERP
clicks were more frequent than another query fer2b seconds
after a query, but another query was more commbaesjuently.

It is also interesting to consider which actionsr@ase just before
a switch. Looking at the far right of Figure 4 weesthat clicks
(on either the SERP or non-SERP) decrease, angagiation,
queries and navigation actions increase. The refsaine small
drop in navigation behaviors is unclear, but maffecé users
abandoning alternative resources they have nadgatén favor
of trying another engine. Immediately before a shitusers are
less likely to click URLSs relative to other poirttaring the session
and more likely to try another query or to pagsde more results.
We have also investigated the types of URLs thapieeclick on.
The bottom panel of the figure shows the proportibnlicks that
are to pages that the user has previously viewethiénsession,
represented as the probability of revisitatiB(Revisit). The pro-
portion of revisits increases as the session pssgseas users
return to previous SERPs or other padgd®evisit) rises sharply
immediately before a switch, perhaps confirmingfthstration or
dissatisfaction suggested in our survey responses.

4.3.2 Multi-action pre-switch sequences

To obtain further insight into what users do befarswitch that
may be useful for both characterizing and predictwitching we
asked survey respondents the following questios:ttiere any-
thing about your search behavior immediately prmed switch
that may indicate to an observer that you are atmstvitch en-
gines?” We analyzed subject responses to this iqueshd identi-
fied the following five most common answers:

Al: Try several small changes to the query (word rolerases,
synonyms, more specific), often in pretty quickcassion.

A2: Go to more than the first page of results, agéien in quick
succession and often without clicks.

A3: Go back and forth from SERP to individual resulighout
spending much time on any.

A4: Click on lots of links, then go to another engfaeadditional
information.

A5: Do not immediately click on something.
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Figure 4. Temporal dynamics of pre-switch search diwity: (a) probability of an action and (b) probability of revisitation.

To verify whether these five behaviors also appkameour logs
and to use them as features in a predictive mogeheeded to
first encode them in some way. Earlier woelg(, [7,9,11]) has
already introduced formal models and languages #maibde
search behavior as character sequences, with atvieamparing
search behavior in different scenarios. We fornaalabur own
alphabet with the goal of maximum simplicity. Wecede the
pre-switch interaction behaviors as a sequence hafacters,
where each character corresponds to either: (§ea action such
as a query or click, or (ii) attribute(s) of thegpavisited such as
SERP or non-SERP. We encoded page visits in twesviagic
and advanced. In the basic representation we only differentiate
between SERP and non-SERP pages. However, in Bsivay
to [7], we felt that page dwell times could be useind we en-
coded these also. Dwell times were bucketed intwrts, “me-
dium”, and “long” based on a tripartite divisiontbe dwell times
across all users and all pages viewed. dihvanced representa-
tion uses this more detailed characterization afepuisits that
includes information about dwell time. Table 1 skdhe alphabet
used in our study. We automatically encode alloastiby step-
ping through the action series in chronologicaleorédnd at each
point categorizing the page and the action takegetathere. For
example, a user issuing a series of queries, éaehviewing the
resultant SERP for a short duration but not cligkim any search
results and then navigating to a non-SERP pageughrahe
browser address bar, and viewing that page fong timme, would
be represented in basic form gRqRgRgRnP (or in abbreviated
form gR*nP), or in advanced form apAqAgAgAnH (or in abbre-
viated formgA*nH).

Table 1. Characters assigned to actions and pageisited.

Action Page (basic) Page (advanced)

g |Query R| SERP A| SERP (short)

p | Pagination P Non-SERR [BERP (medium)

s | Click result E| SERP (long)

¢ | Click other F| Non-SERP (short)

b | Back one page GNon-SERP (medium)
j | Back many pages HNon-SERP (long)

n | Navigate to page

We encoded all pre-switch interaction activity lire t58.6 million
switching events (including all substrings) in tHmmat and
computed the frequency with which they appearedrieed search
engine switch. We also encoded all 1.1 billion skeaessions in
this format (creating tens of billions of actiongeences) and
calculated how frequently each of the pre-switaings was ob-
served in all sessions independent of switchingnfFthese fre-
quency counts we identified significant pre-swiptterns called
sequence motifs by calculating theoint-wise mutual information

(PMI) for each sequence. PMI is a measure of astonibased
on information theory that compares the probabiityobserving
two items together with the probabilities of obsegvtwo items
independently (c.f. [5]). We apply it in our contew estimate
which sequences had a genuine association witlswaiteh beha-
vior and which were observed by chance. Table gqmis the five
basic and advanced sequence motifs with the highdstvalues.



To generate these motifs we required that eachaapgeleast
10,000 times in all search sessions over the sixtinso This thre-
shold allowed us to filter infrequent sequencest thiso co-

occurred with switching events, giving them a hRj¥1 value.

Table 2. Top significant pre-switch sequence motifs

PMI rank Basic representation Advanced representation
1 gR*sPbR gA*sFbD
2 gR*nPcP* gA*qDsF
3 gRsP*gR* gAsF*
4 gRsP*qRjP* gDpF*
5 gRpR* gA[sFbA]*

The sequence motifs reveal some interesting beteviatterns.
For example, it appears that repeat submissionefies followed
by no SERP clicksig., gqR*) commonly precede engine switches,
and that revisitation and pagination also seem fapt Such
features were also mentioned in common survey resgso Three
of the response#\(, A2, andA3) suggest that pre-switching users
view SERPs for short time durations, often withelitking on
search results. Repeat queries with no SERP dicksentioned
in common survey respongd, and pagination and revisitation
are mentioned in responsé® andA3 respectively. Note that the
suffix of the fifth-ranked advanced sequence nintifable 2 {.e.,
[sFbA]*) means that the same action — click search redely
page for short time, and return to SERP for shiow t appeared
repeatedly in sequence, and often before a swiahh behavior
was also highlighted iA3. We do not see any strong evidence for
A4, clicking on lots of links before going to anothemgine for
verification, and this may indicate that this bebavs less com-
mon than switching because of dissatisfaction at the beha-
vioral antecedents are difficult to encode. We alisbnot see any
strong evidence foA5, perhaps because SERP views with me-
dium-long dwell times and no clicks occurred fregglyein many
sequences, independent of engine switching.

We have investigated aspects of the pre-switch\behaf search
engine users. In Section 5 we will evaluate theatifeness of
features derived from this analysis for predictamgine switch-
ing. We now focus on the behavior following a sWitg event.

4.4 Post-switch behavior

Once again we use the 58.6 million switch examfita® toolbar
logs and study user behavior following a switch. &i&o include
a log-based analysis that estimates whether users satisfied
with the results they encountered following theisiea to switch.

4.4.1 Actions following a switch

We begin our analysis by focusing on user actidtes a switch.
In Figure 5 we present a summary of the actionsithaediately
follow a switching event. We consider six actionstotal: Click

on a SERP result, Re-query the destination en@nery on other
engine {.e., switch again to a third engine), Re-query origt

gine (.e., switch back to pre-switch engine), Navigate tothar

page without clicking on a link, or End session.

Click result 52%,

Query other engine 2%
End session 5% Re—query origin engine 4%

Navigate to page 9%
Re-query destination engine 28%

Figure 5. Actions immediately following an enginewitch.

As can be seen from Figure 5, around half of sw#ctvere fol-
lowed by a search engine result click. This suggdsit around
half of switches were successful in getting userénformation
that appeared relevant. For the remaining switcisess engaged
in a range of activities including ending the shasession and
navigating to another page through the browser emddbar or
favorites list. Around one third of all switchesll® another query
as the immediate follow-on action; suggesting dis&ection with
the immediate search results. Most of those querieson the
destination engine, however around 15% of thoseiegigvolve
immediately switching back to the origin engirgy(, query Live
Search then Google then return to Live Searchluerying a third
engine €.9., query Google then Yahoo! then Live Search).

Extending the analysis beyond actions immediateliypwing the
switch allowed us to look further at returns to thregin engine
and the utilization of multiple engines. If we eXamthe next
query, ignoring events in-between if required, wel that around
20% of all switches lead to a return to the origimgine on the
next query and around 6% of all switches lead ¢éouse of a third
engine. These behaviors may be attributable todésination
engine not meeting users’ information needs orstrsiseeking to
verify encountered information or obtain more imfation (as we
saw in the survey responses). Further analysifefueries for
which this behavior was observed revealed that nrggrg infor-
mational in naturee(g., computer error messages, medical diag-
nosis, legal advice, or term-paper questions). $tath queries
search engines may be ineffective or users may tasherify
encountered information or explore topics in gredtgail.

4.4.2 Satisfaction

One interesting question is the extent to whicha@vimg to a new
engine improves the user’s task success. It icditfto know for
sure whether an information need was satisfiedgusinly log

data, but we explore several possible measuresrépart two
measures of overall user effort and activity (numbk queries
and number of actions), and two measures that suzenthe
quality of the interaction. The first measure is fhaction of que-
ries that result in no SERP clicks K#Clicks). The intuition is
that no clicks are a likely indicator of poor gtalresults. We
realize that some queries are satisfied by theckeasults them-
selves and do not require any additional actiong.dherse.g.,

[8], have found that SERP clicks are less likelyléw frequency
queries and goals, so we include that measureriamalysis here.
The other measure we use is based on work by Fak €3] in

which they showed that clicks which are followedabgwell time
of more than 30 seconds on the destination pagmare likely to
be rated as “satisfied” by users than those thailtrén a quick



return to the SERP. Thus we defin8adAction as the first SERP
click that a user dwells on for more than 30 sesond

In Table 3, we summarize these measures for actlmtsoccur
before a switch (origin engine) and after a swifdestination
engine). We show this separately for all switchas for switches
involving the same query on the origin and desitmagngine.

Table 3. Measures of effort / activity / quality ofinteraction.

o # Queries # Actions

Activity — — . -
Origin Destination Origin Destination

All Queries 3.14 3.70 9.85 11.62
Same Queries 3.08 3.73 9.03 10.25
% NoClicks # Actions to SatAction

Success — - — -
Origin Destination Origin Destination

All Queries 49.7 52.7 3.81 4.71
Same Queries 54.5 59.7 3.67 4.61

Table 4. Features used in switch prediction.

Query class

abandonmentRate: Fraction of times query has no SERP click
avgClickPos: Average SERP click position (starts at zero)
avgNumClicks: Average number of SERP clicks

avgNumAds: Average number of advertisements shown
avgNumQuerySuggestions: Average number of query suggestions
avgNumResults: Average number total search results
avgTokenLength: Average length of query tokens
followOnRatio: Fraction of times query leads to another query
frequencyCount: Total query frequency

hasAlteration: True if alteration appliece(g., remove plurals)
hasOperators: True if query has operatorsd., site:)

hasQuotes: True if query contains quotation marks
hasSpellCorrection: True if spell correction fires
paginationRate: Fraction of times request next page of results
queryLength: Query length in characters

queryTokens: Query length in tokens

Session class

The results are very similar for both types of shis. Note that
given the large sample sizes all differences agaifgtant with
independent measuregests ap < .001. Users issue more queries
and perform more actions on the destination entiiae on the
origin engine. They also seem less satisfied bytwameasures —
there are more queries with no clicks on the daitin engine,
and there are more actions before the fiAction. Thus, on
average, switches to not appear to lead to a qasiution of the
users’ information needs.

An area for future research would be to examintedifit classes
of queries in more detail to see if we can identifynsistent
classes of queries for which there are advantagewitching and
those for which there are no such benefits.

In this section we have focused on characteriziageets of
search engine switching behavior. As well as charaing the
behavior, it is important to understand the rolat tfeatures de-
rived from this behavior can play in a predictivedal of switch-
ing. An ability to accurately predict when a usegoing to switch
allows the origin and destination search enginesctcaccording-
ly. The origin engine could offer users a new ifitee affordance
(e.g., additional query suggestions, or richer supparisbrting or
filtering using metadata about the search resuttsyearch para-
digm (.g., engage in an instant messaging conversation avith
domain expert) to encourage them to stay. In cefttiae destina-
tion engine could pre-fetch search results in gdion of the
incoming query. In the next section we describeénaestigation
of the predictive value of query, session, and tessures.

5. PREDICTING SWITCHING

The prediction task is to estimate whether a useia action will
be an engine switch given the interaction obseimexisession so
far and possibly knowledge about the user’s lommtimteraction
history. For this task we developed a learning rhadat uses
logistic regression (cf. [12]), a technique thas leeen shown to
have good performance in many domains and can tieffigc
handle numerical and categorical predictor varmbléhe aim of
this experiment is not to optimize the model buhea to deter-
mine the predictive value of the query/session/tssture classes
for the switch prediction challenge. The model &dhconstant
throughout the experiment and only the features ubange per
the experimental design. We now describe the featwe use, the
evaluation of models that use them, and the exeeatiah findings.

avgTimeBetweenQueries: Average time between queries
currentEngine: Current search engine name
currentSequenceAdvanced: Advanced string rep. of session so far
currentSequenceBasic: Basic string representation of session so far
hasMotifAdvanced: True if currentSequenceAdvanced has seq. motif
hasMotifBasic: True if currentSequenceBasic has sequence motif
numBacks: Number of revisits in the session so far
numPaginations: Number of paginations in session so far
queriesInSession: Number of queries in the session so far
ratioQueriesWithNoClicks: Fraction of queries with no clicks
ratioQueriesWithOneClick: Fraction of queries with one click
ratioQueriesWithMultipleClicks: Fraction of queries with many clicks
timelnSession: Time in the session so far (in seconds)
URLsInSession: Number of URLs in session so far

User class

avgSessionLengthQueries: Average session length in queries
avgSessionLengthTime: Average session length in time
avgSessionLengthURLs: Average session length in URLs
avgQueryLength: Average query length in characters
avgQueryTokens: Average query length in tokens
propPreferredEngine: Fraction queries issued to preferred engine
sessionCount: Total number of sessions

5.1 Features

Table 4 summarizes the features that comprise hiee tfeature
classes. This list is not exhaustive, but does rcowportant as-
pects of search interaction that may have valuthis context,
including many that emerged from the analysis ictiSa 4.

5.1.1 Query Features

Query features are assigned to the most receny fuére session
within which the prediction is being made. They degived from
the query itselfd.g., number of tokens) and from the search logs
of one of the engines in our study. The logs wexthered over
the same six-month time span as the toolbar logd ts charac-
terize switching i(e., September 2008 to February 2009 inclu-
sive). Unlike toolbar logs, search logs containords of the
SERP contents shown to users at query tieng, (the number of
advertisements shown or the total number of quesylts).

5.1.2 Session Features

Session features are computed based on the obsateeakction
in the session up until the point that the switoddjction is made.
Session features include information about theadist into the
sessiond.g., the number of queries issued or pages visitddryp
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Figure 6. Precision-recall curve for all sessions.

result inspection behavioe.§., the number of revisits or pagina-
tions), search success.d,, the ratio of queries with no result

clicks), and patterns of interactiond., basic and advanced string

sequencesgcurrentSequenceBasic / currentSequenceAdvanced).
Also included were binary variabléssMotifBasic andhasMoti-
fAdvanced. These were set to true if any of the top-100 sege
motifs emerging from our Section 4.3.2 analysisesgped incur-
rentSequenceBasic or currentSequenceAdvanced respectively.

5.1.3 User Features

User features are computed at all points in theieesdased on
the current user’s search history gathered ovesithenonth pe-
riod from September 2008 to February 2009. Fronh aser's
history we extracted features of their queriesirtfrequency of
searching, their average session length (in tefmpieries, time,
and URLSs), and the proportion of queries that tissye to their
preferred engine. We would expect users who switéregjuently
to issue a smaller fraction of queries to theifgmred engine than
those who switch infrequently or never switch.

5.2 Evaluation

As stated earlier, the prediction task was to jategiven features
of the query, session, and user whether an engiitehs was
about to occur as the next user action. The gotdisfexperiment
was to assess predictive value of each of the reatiasses and
highlight the individual features that performedilw@/e learned
seven models, representing the three individualifeaclasses and

combinations of them. We also include a baselinehvalways

predicts the most common action, no-switch.

Switching immediately follows around 1% of all sefarelated
interactions. This makes the switch prediction tas#remely
challenging. Since the task was to predict whethemext action
was a switch and not whether a full session coathaswitch we
used sessiostates rather than complete sessions in our evalua-
tion. A session state contains the observed intieramn a session
to a given point, as well as the most recent qaery a unique
user identifier used to locate user history if rieepl

We used a sample of 100,000 session states randcmlyen
from the six months of logs from September 2008 &bruary
2009 inclusive to train a version of our learningdel for each of
the seven feature combinations. To mirror the ithigtion of real
switches, the sample contained 1,000 randomly-chesdtching

[} 0.1 0.2 0.3 04 0.5 0.6 0.7 . 0.9 1
Recall

Figure 7. Precision-recall curve for sessions with
three or more queries observed so far.

states and 99,000 randomly-chosen non-switchirtgsst&élowev-
er, the class imbalance caused by the small nugthewitching
events may hurt the performance of the learningahod

A common way of addressing class imbalance istifically re-
balance the training data. To do this we down-sartipgt majority
class (non-switches) using a technique similadi.[In our case,
this involved holding the 1,000 positive examplesistant, ran-
domly selecting without replacement 1,000 non-duiitg exam-
ples, and training a logistic regression model tom $0/50 split.
We repeat this process until all non-switching epla® were used
in training exactly one time. This yielded a totdl99 different
sub-models that each make a prediction about whatkwitch is
about to occur. The majority vote among the préafict is then
used to determine the overall prediction via a fofrbagging [3].

To test our models we created a separate teshaesucceeded
the training set. We extracted approximately 300ioni search
sessions from toolbar logs for March 2009 and Ap@I09 using
the method described in Section 3. From these®essie ran-
domly-selected a subset of 10,000 session statesieg that the
ratio of switching to non-switching in each subsets 1:99 to
match the global likelihood of the switching evefib reduce
sampling bias we constructed 100 subsets usingpipisoach.

Evaluation proceeds as follows. At each of the Q0,8ession
states in the current subset, the model predictethen a switch
will occur as the next action given the featureshef most recent
query, the session so far, and/or the user seastimh To do so,
the model obtains a binary (switch/no-switch) pcédn from
each of the 99 sub-models, counts the number d€lswind non-
switch predictions, and makes the final predictiased on which
outcome has the most votes. The performance ofmthael with
the assigned feature classes is then determined pegcision and
recall averaged across all 100 subsets.

We now describe the findings of our analysis.

5.3 Findings

We evaluated the performance of each of the sesamrie classes
plus the no-switch baseline using precision andlkeDifferent
levels of recall are achieved by setting differeanfidence thre-
sholds for our model ranging from extremely low fidence to
extremely high confidence. In this context, premisis defined as
the number ofrue switchesi(e., predicted switches that actually



were switches) divided by the total number of sesstates in the
test set labeled with the switching event. Recaliéfined as the
number of true switches divided by the total numbleswitches

in the test set. Figure 6 shows precision-recalvesi for our pre-

dictions of whether a switch will occur at the nagtion. Separate
curves are shown for models using query features:; features,
and session features (for actions preceding thieraate are pre-
dicting), feature combinations, and a baseline ghahys predicts
no-switch since this is by far the most likely aurtee. Error bars
are too small to be visible on Figures 6 or 7 {fooming).

First, we consider performance using just a sicfies of features
(query, user, or session). The best performanobtained for the
session features, followed by query features, asel €eatures.
Even user features, which perform the most poatili, provide
considerable lift over the baseline model. Useffedalong many
dimensions and the simple measures we have endedgdthe
average length of queries they have issued, theoption of que-
ries for which they have previously switched seaectgines),
provide some improvements prediction accuracy. Kngwha-
racteristics of the query, such as its length amdipus click pat-
terns, can improve predictive accuracy even morel, Anowing
characteristics of the session to date, such asirtleein the ses-
sion or previous clicks, are the most useful fopriaving accura-
cy. Second, we examined combinations of these festCom-
bining the different types of features results iarked improve-
ments in accuracy, suggesting that they provideptiomentary
evidence about the task. At low levels of recaltjiag the session
features typically improves accuracy by 50% or méi@ exam-
ple, at recall level 0.10, precision for the quemgdel is 0.057
(shown in the curve with open red circles), andirzgithe session
features increases precision to 0.091 (shown irctinee with the
filled red circles). The best performance is ol#dimvhen all three
classes of variables are used, resulting in patisf 0.104 at
recall 0.10. For this model, the most predictivatfiees in the
logistic regression include query featuresiefyLength, avgTo-
kenLength), session featurestifielnSession, actionsinSession),
and user featureaygSessionLengthURLS).

Figure 7 shows the precision-recall curves forisesswith three
or more observed queries, since such sessionsderaditional
context about the user’s progress on their task.dMerall pattern
of results is very similar. When considered indidtly session
features are better than query features which etterbthan user
features, and the best performance is obtained adiithree types
of features. There are also some interesting eiffegs compared
with the overall performance seen in the previdagsré. First,
prediction accuracy is much higheeg., at 0.10 recall, the preci-
sion for the full model is now 0.235 compared wWiti04 in the
previous figure. This is a result of longer sessiproviding more
context to identify sequence motifs and due to @ifferences.
More difficult tasks result in longer sessions angre switching.
Second, the session variable provides more of wiién added to
the user and query variables than it did previaustylow levels
of recall, adding the session features typicallprioves accuracy
by 200-300% or more. For example, at recall lev&DDprecision
for the query model is 0.059 (shown in the curvéhwipen red
circles), and adding the session features increpsasssion to
0.172 (shown in the curve with the filled red a@%). The best
performance is obtained when all three classesadhies are
used, resulting in precision of 0.235 at recalDORor this model,
the most predictive features in the logistic regi@s include ses-
sion featurestimelnSession, actionsinSession, numPaginations),

query featuresgieryLength), and user featuresavgSessionLeng-
thURLSs). In addition, the two sequence motif featureasi/loti-
fAdvanced, hasMotifBasic) are also strongly predictive indicating
that the abstract patterns of behavior, suchR¥sPbR (i.e., mul-
tiple queries with no clicks, then a single SEREkcand a SERP
revisit), can improve prediction accuracy. TherentSequence-
Basic or currentSequenceAdvanced features were not strongly
predictive because they required an exact matchveest a
learned sequence appearing in the training datahendequence
generated from recent session interaction. Mores@x@ntation
with sequences is required, especially with seqeaudfixes that
target recent session interaction over all sessi@naction.

Predicting which (if any) actions during the coufea session
will involve a switch to another search engine ishallenging
task, in part because of the low frequency of sendnts. Using
features of the query, user and search sessiar (prthe switch),
we can predict switches with much higher accurbeyta simple
baseline model. Although the absolute level of gnfince is not
too high, we believe that it is sufficient to suppsome kinds of
user supporte(g., additional query suggestions or other search
aids), especially in the case of longer sessions.

6. DISCUSSION AND IMPLICATIONS

A primary focus of this research has been the cibeniaation of

search engine switching behavior. Through our amsiywe have
shown that approximately 4% of search sessionshiavone or

more switches between search engines. We haveslatson that
this percentage increases to over 10% for longarchesessions.
The reasons for switching are varied and inclugéecgved poor
quality of results on original engine, desire farification or

additional coverage, and user preferences. Apprateiy half of

all users in our log sample and around two-thirfilswvey res-
pondents engage in within-session switching. Itlésar that the
utilization of multiple search engines is an impatt aspect of
users’ Web search behavior. Since switching is ipaissociated
with dissatisfaction with the search results on dhigin engine,

that engine could tailor the search experiencegf@ries with a
high observed switching rate.

Given that search engine switching may also bébated to a
desire for additional information, a search engnay wish to
discourage switching away from their engine by rirfig topic
coverage or redundancy (for verification purposas)optional
ranking criteria in addition to relevance. Toolgptoactively noti-
fy users when other engines may have differentltsesu results
that support or refute a line of argument could &lelp users.

Though studying the pre-switch activities of seagctiyine users
we identified important patterns through temponahlgsis and
sequence motifs. Our findings revealed that sortieres; such as
SERP clicks and non-SERP clicks, decreased befoswith,
whereas queries and navigation to other pagesasete Influen-
tial interaction sequences also emerged as impoftam the
survey data and log-based analysis. For exampgbeatesubmis-
sions of queries followed by no SERP clicks, waes tiost dis-
criminating sequence motif. By better understanding-switch
behavior we can personalize switch predictionhéodurrent user
and their search context. In addition, we can uskad switching
rates for different queries or search patterngpeddent of user.

We analyzed the post-switch activities of usershwaitparticular
focus on search success. Overall, switching to hemosearch
engine does not provide a quick resolution to a'siggformation
need. In fact, we found that users perform moreigseand ac-



tions on the destination engine, and do not apjeebe more suc-
cessful (as measured bpClick andSatAction). One reason may
be that the queries that users switch on are diffienaking it
likely that neither engine will be provide relevas#arch results,
or that the other engines do not provide any aalthiti information
over the origin engine. Further exploration is rezbth the identi-
fication of different motives for switching and diing the analy-
sis to determine their effect on search satisfactio

We examined the use of several types of featurethéodifficult
task of predicting switching during the course ofession. The
findings showed that models trained using quergsisa, and
user features performed best for all sessions angefssions with
three or more search queries. We achieved leveteidérmance
that we believe will be useful in supporting soniedk of user
assistance. For examplagditional query suggestions, or richer
support for sorting or filtering using metadata Icolbe provided.
We also showed that some level of prediction aayucauld be
obtained by using simple features of the queny.,(query length
and average number of search results). These dmuldsed to
construct a query-only switch prediction model tisahot depen-
dent on session or user history information.

One limitation of this work is the focus on thearmost popular
search engines: Google, Yahoo!, and Live SearchieMramples
of switching behavior would be observed if additibrengines
were considered in the analysis. There may be rowtew beha-
viors and rationale in the switches from populagiees to less
popular search providers, such as vertical seargimes.

7. CONCLUSIONS AND FUTURE WORK

We have presented a characterization of searcmersgiitching

behavior and an examination of several types difea for the
challenging task of predicting switch search engjiné/e have
drawn from findings from a large scale log-basedlysis and a
large user survey to improve our understandingoef,iwhen, and
why users switch engines. Survey findings revetiati switching

is not only a result of dissatisfaction with thégor engine; it is
also frequently related to user preferences anesaalto verify or
find additional information. Survey respondentsnitifeed com-

mon behaviors preceding a switch that were alsaotiiiled as

significant in log analysis. These findings plugli@idnal insights
gleaned from the logs were used to inform featelecsion for

logistic regression models that let us examine iptied value of

query, session, and user features. Predictive maday be useful
for search engines who may want to modify the $eaxrperience
if they can accurately anticipate a switch. Oudiiiys suggest
that the predictive models provide sufficient sigt@a provide

some additional user support, especially at lovalte&lore im-

portantly, we demonstrated the relative value cheaature class
and highlighted individual features that may befuiggredictors.

In future work, we will develop improved predictimeodels using
new features and alternative learning algorithmsaddition, we
would like to further distinguish different motivams for switch-
ing (e.g., dissatisfaction with original engine, desire &rify or
diversify results) and develop models and the gmjeite end-user
support for each. Better understanding how to hshkrs identify
the vertical search engines or other general seangfines that
could provide diversity of focus, also presentsmaportant inves-
tigative opportunity. Finally, to better understatahgitudinal
behaviors, we will study between-session and lemgtswitches.
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