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Abstract

Refinding electronic information is a common problem, yet it has received lesdisindy
the problem of how to find information for the first time. In this dissertation, | examine
how people approach tasks to refind information they have seen on the Web and factors
that may affect refinding. | conducted a controlled, laboratory study in which
participants participated in two sessions: one to find information for a set of 18ndsks a
a second session, about a week later, to attempt a set of counterpart refinding tasks.
Results indicate that finding and refinding do have differences, but not for all types of
tasks. The use of Web search engines was not observed to change significantly from the
first session to the second. However, for tasks that participants were morar fewittil,

search engines were used less. Tasks that involved refinding a subset of the orormati
that was found in the first session took longer to complete and were perceived as more
difficult. Participants often went directly to known resources on the Web to start the
searches. These sets of known resources included many on-line counterparts of paper
resources such as telephone directories, dictionaries, and newspapers. For many tasks
participants used the same starting strategy to refind the information ghas#tefind

it, indicating strong patterns of access. This work contributes to the base of knowledge
about how people refind information and the factors that affect refinding. It also
contributes to the research field of information refinding and personal information
management by identifying dimensions and factors that affect refinding. This resul
reported have implications for the design of Web sites and information repositories, the
design of tools to help users find and refind information, and for the research community
studying personal information management.
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Chapter 1

Introduction

The problem ofefinding information on the Web has received less study tha problem ofinding
information, despite indications that refinding ardanizing Web information for re-use are probldans
many users [GVU98] [JBDO01]. Research about Webrinétion finding has been conducted in the fields
of human-computer interaction, information retrieand information science. However, only a few
research projects have specifically investigatéiddiang [AJKO05] [BS04] [TAA+04] [JBD03] [MB97a].

Of these, only one study directly compared findingl refinding in an experimental setting [MB97ahe
focus of my Ph.D. dissertation is to examine déferes between finding and refinding and to identify
factors that affect the refinding process.

1.1 Motivation and Problem Statement

Looking for information on the Web has become dgsred method for satisfying many information
needs. On a typical day, an estimated 94 milliomeAcans use the Internet and 60 million use search
engines [Pew05a][RS05]. Users also manage andrsetrer types of electronic information in thenfor
of email messages, documents, images, and attathmeraddition, users often have multiple commyiti
devices: a computer at home, a computer at wack|lgphone, a PDA. With all this electronic
information, studies have documented the feelingymeers have of “information overload.” Of
increasing interest is how users organize, maragerefind electronic information — an area of aesk
that is becoming known as personal information rgangent (PIM). Studies have documented that
organizing and refinding information can be a peobfor many users [JDO01][GVU98][WHO01]. PIM
recognizes that people have a variety of need®te,ge-access, and reuse information that nebd to
supported by information sources, tools, and iat&$. Furthermore, the PIM research community has
recognized that little research has been conduotadderstand users’ methods and strategies for
organizing and refinding information. It is thengioination of the lack of research in understanding
refinding and the need by users for better toalsdéinding that are large motivators behind myeegsh.
In this dissertation, | specifically focus on intigating aspects of refinding information on thelWe

1.2 Research Goals

The high-level goals of my dissertation researeh ar

= To gain a better understanding of the processfisidiag information on the Web and the
factors that affect it.

= To examine the differences between finding anddéfig information on the Web. To
investigate if/fhow refinding is a different procdsgsm finding.

= To explore which tasks and types of informationeasy to refind on the Web and which are
difficult and what factors affect difficulty.

Underlying each of these goals is an overall méitiveto gain insights that can be used to impraadst
and interface designs for Web information refinding
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1.3 Research Questions

| explore four main research questions in thisetisgion as refinements of the high-level goalacheof
these is described briefly below. Specific hypetiseare described in Chapter 4, Method.

1.3.1 RQ1 - Differences between finding and refindg

RQ1 — Do finding and refinding differ? Specifically, are there measurable differences between
finding and refinding in terms of user knowledge/faniliarity, perceived difficulty, search engine use,
and task length?

Redoing a task a second time is often easier thepning it for the first time and may employ @ifént
processes and skills (consider refinding an officbuilding in an unfamiliar area of town). Sinmlig |
anticipate that refinding information on the WeHets from the process of finding information féwetfirst
time. Finding information on the Web is commontyexploratory process with uncertainty about if or
where information may be found. In contrast, rdifiig is typically a more directed, constrained pssx
While some finding tasks may be directed, refindiag rely on cues and associations from the finding
experience, while finding can only rely on knowleddf similar tasks and from more general experience

Research from cognitive psychology has shown tbed@ations, cues, and information encoding are
important aspects in retrieving items from memd89] [And80]. Experience and frequency of
exposure affect recall and speed of recall [AngB8Q,72]. Because refinding can rely on knowledfjthe
prior finding experience, it is expected that fimgliand refinding will differ in terms of the amouoft
knowledge/certainty the user has about the locatighe information, the perceived difficulty ofetitask,
and the amount of time it will take to find or redi the information.

Prior research has not specifically looked spedlificat the differences between finding and refirgdof
Web information, except [MB97a]. Previous work lvagestigated how people organize information and
keep it for reuse [JBD03] and has developed andddsols to assist users in the organization and
refinding of electronic information including Weformation. However, it has not focused on the
processes and characteristics of refinding thaesaenined here.

The contributions of my work show that finding amefinding have differences, but differences were no
observed for all tasks. Differences were foundsfume types of tasks but not for others. Tasklfarity
ratings were generally higher for refinding taskd ¢he perceived difficulty of a task can have &Beon
finding and refinding behaviors. However, no siigaint change in Web search engine use was observed
between an initial finding session and a subsegediniding session. These results have implicatfon

the design of Web sites, refinding tools, Web dearyines, and additional studies of refinding.ol$and
search engines could use these findings to hetgifgdevhen a person is trying to refind informatiand to
provide additional cues and integrate previoustywad results.

1.3.2 RQ2 - Task Differences

RQ2 — Does task and familiarity with a task affecfinding and refinding? What types of tasks are
easy and which are difficult? Specifically, how ddask and task familiarity (knowledge of how to
perform the task) affect user knowledge/familiarity, perceived difficulty, search engine use, and task
length?

Task type/task domain is commonly an importantdiact human-computer interaction and has been found
to be a significant factor in studies of Web infation finding [WRM+02] [TFK+03]. Taxonomic
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classification of Web behaviors is an importantea$f studying and describing Web usage and skvera
taxonomies of tasks performed on the Web have pemosed [BJW+99] [MPCO01] [Bro02]. Itis
anticipated that task type will have a significaffect on Web information finding and refinding.

The level of familiarity that a searcher has with iomain being searched is a topic of researdtiniie
information science community [Wil04] [KC02] [SROEBB02] [MS98]. Domain knowledge is generally
thought to have an effect on information seekinigavéors, but the question has not been completely
resolved as to the specific effects [Wil04]. Rdfirg tasks differ from those typically studied by
information science in that refinding deals witfoimation that has been seen before. Howevemifact
that affect finding may also affect refinding. #uch, | have chosen to look at the possible effafcas
related factor — task familiarity. Whereas donlainwledge deals with the searcher’s familiarityhathe
general topic or domain being searched (sometirmisdtopic familiarity), the concept dfask familiarity
is concerned with the searcher’s knowledge of aipdask or set of related tasks. It is expedteat

tasks for which a person has high task familianity be completed more easily than other tasks.

My work contributes to this research question byweihg that task is an important factor for botdfimg
and refinding tasks. Furthermore, differences betwsessions were not observed for all taskglfeee
was an interaction effect of Session x Task). €hesults are consistent with results from inforamat
science literature in which task was found to béxgortant factor to consider when studying infotioa
seeking behaviors [WRM+02] [TFK+03]. In my resdgrtasks were found to fall into three general
categories: fairlygasytasks which participants were familiar withifficult tasks that involved several
steps or topics with which the participants wertamiliar, and a fhediuni set of tasks that were in-
between the easy and difficult sets. Task affettiedise of Web search engines. Prior familiavith a
task also had significant effects (e.g. high pfaniliarity tasks had lower search engine use).

1.3.3 RQ3 - Finding to Refinding Relationship

RQ3 — How does the relationship of the refinding tsk to the finding task affect the refinding
process? Specifically, does it affect user knowledfamiliarity, perceived difficulty, search engine
use, and task length?

The relationship — or similarity — of a finding kat® a counterpart refinding task may have a stiaffert
on the refinding process. At first glance, we migkpect that ithe exact same taskere given first as a
finding task and later as a refinding task, thatauld be easier the second time. An effect knawthe
encoding-specificity principle from cognitive psydbgy lends some support to this idea: “The proligbi
of recalling an item at test depends on the siitylaif its encoding at test and its original encapat
study” (from Tulving, as cited in [And80, p. 212]).

However, refinding does not always manifest itaslexactly the same task as finding. People often
attempt to “refind” other, related information thvedis seen alongathtraced while finding something
else, or they may look forsubsebf the information originally found. Additionallynformation on the
Web is dynamic and may lmeovedfrom the location it was originally found at, oaynbe deleted
altogether [Spi03]. This research question addsetese four types of refinding tasks as theyedtathe
original finding task: exactly the same (E), oa #ame path (P), subset (S), and moved (M).

My work makes several significant contributionghs area. The study of refinding as a distincicess is
so new that the distinctions of exact, path, afmbstiare contributions to the study of refindifpsults of
my research indicate that refinding moved or del@&ms can be so difficult that users may abaritien
attempt, or not try at all. Refinding an item fransubset task took longer and was perceived as mor
difficult than exact or path refinding tasks. Sethtmsks are an aspect of refinding that shoulstiried
further. My results on tasks to refind informatiom the same path were possibly affected by an
unintentional bias in the task grouping that watsraalized until the analysis stage. Howevess iriclear
if there was a bias, or if path tasks may orientat@ resources that are more familiar and reqess Use
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of Web search engines. This may be because titey o$e resources that contain sets of valuable
information and are well known.

1.3.4 RQ4 - Task Details and Strategies

RQ4 — What strategies are used in finding and refinichg? Are there observable patterns of strategy
use across types of tasks or from finding to refindg for a single task?

Information science has observed strategies tr@ilpaise when conducting research and finding
information. These observations have been codifiedmodels of information seeking and information
searching behaviors [Wil99]. For instance, as dieed by Wilson [Wil99], Ellis outlined features of
information seeking (starting, chaining, browsidgferentiating, monitoring, extracting, verifyingnd
ending) and Kuhlthau [Khu91] described stages énitifiormation seeking process (initiation, selattio
exploration, formulation, collection, and preseiotat. Many of these models focus on the broad ggsc
of performing research and information seekingefeslving, dynamic information tasks.

Personal information management and informatiocimdéfg are often focused on well-defined, directed
tasks to find or refind specific pieces of inforinatsuch as a phone number, Web page, or specific
document. These tasks differ from the broad infdrom seeking tasks considered in many existingeisod
of finding. A better understanding of the factarsl strategies for personal information managesueat
refinding are needed to develop models that cgmin&rm the design of information and tools to gop
users’ refinding needs.

To address this research question, | consideegies that participants used to find and refindrimiation
as part of the main study of this dissertationevitrus research questions in this dissertationsiedu
mainly on quantitative measures and analysis ofrothed factors. For this research question, theortto
better understand the strategies used, a detas&ebly-task analysis was conducted. This analysis
examined the specific starting strategy used bf gacticipant in each task and the resource uskxtéde
the information.

My results indicate that users do have patternsateafollowed for many types of tasks and thatsisee
well versed in a (small) set of Internet resources they know the URL for these sites and cae tiyem
directly into a Web browser to teleport to the sitMany of these known resources are Internet
counterparts of longstanding real-world resourceh &s dictionaries, phone books, newspapers, and
maps. In addition, users often used the samengiatrategies to refind a piece of informationt timey
did to find it. In cases where they deviated, tbffgn used shortcuts or waypoints learned fronfititeng
process to simplify the refinding. In additionteaf users ended their refinding at the same resdbey
used when finding. However, in some cases, thatilmt of the information or the resource used ditl n
matter and the information was “refound” from deliént resource than it was found. This is an etam
of the fungibility of resources to provide inforriuat.

1.4 Reader’s Guide

This dissertation is organized in the following walhis chapter presents an introduction to théctapd
focus of my dissertation with a summary of the magsearch questions, motivations, and resultsaphn
2 provides background on finding and refinding agsh, along with an extensive review of tools to
support finding, refinding, and information reuskehe literature discussed is from several relateds
including information science, computer sciencgnitive science, and library science.

Chapter 3 describes a survey that | conductedvigstigate what types of tasks people do frequemttly
infrequently on the Web. The results of this syraee presented here and were used to help gertleeate
tasks for the main refinding study of finding amdfimding presented in the dissertation. Chaptentines
the method used for the main study of this distierta This experiment studied finding and refirglin
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behaviors of 17 participants on a set of 18 taghsdate information on the Web. Chapter 4 algsents
the specific hypotheses to be examined and reflagelsypotheses to the main research questionssof th
dissertation.

Chapter 5 describes the results of analysis ofge laumber of dependent measures collected. Talgsis
techniques are described and results of the #tatisinalyses are presented. The results areiasghn
around the specific analyses conducted. ChapiésdBisses and summarizes the results of the asalyse
presented as they relate to each research quest@mreach research question, the main findings are
presented along with interesting observations amgli¢ations of the results.

Chapter 7 outlines a plan for future exploratiopefsonal information management tasks, including
further study of finding and refinding. Promisidigections for future research are described andraé
specific studies are outlined.
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Chapter 2

Introduction to Finding and Refinding Research

Increasingly, organizing and managing electronicrimation is a problem for many computer users.
Several recent research efforts are focusing oerstehding not just how people search for and save
information when seeking it the first time, butatmn how they subsequently try to refind and rehee
information.

Many factors play a role in how people searchfidrimation. Studies from research areas including
information retrieval, digital libraries, informati science, cognitive science, and human-computer
interaction have explored differences based ontigekand task domain, individual differences, clear
experience, searcher familiarity with the topicd amerface/system differences.

Refinding is a fairly new area of study, with Ettbrior research that has focused directly ondhtofs that
affect refinding, the strategies that people ued,the differences between finding and refinding.
However, a number of research projects, studiest@ris have addressed issues related to refiratidg
personal information management. In this sectdorief introduction to refinding is presented)doled
by sections that describe important aspects ofrfndefinding, and tools to support PIM.

Several major factors are important to the studyath PIM and refinding and will be reviewed in the
following sections. The task being performed dmtbpic domain can have a large effect on how
information is found, organized, and reused — tlespects are discussed in section 2.2. Individual
differences of the person performing the searchatsmhave large effects. Individual factors sash
domain knowledge and expertise, knowledge of thk, &@nd cognitive aspects are reviewed in secti®n 2
Although it has not been studied extensively, time@want of time that passes before information isiede
to be refound may have effects on the approachebtosrefind it. In addition, assessing the futumkie
of information is an especially difficult task fasers. These aspects are considered in section 2.4
Information science has examined factors that affexfinding process and codified models of
information seeking behaviors. While refinding ddmve differences with finding, these models are
important to help understand the relationship effthding and refinding processes and also provide
essential starting points for developing modelsefiding. Section 2.5 describes several of these
information seeking models in more detail. Theagnmg sections in this chapter describe previous
studies of information refinding and reuse andddolhelp support users’ PIM.

2.1 Introduction

The essence of refinding is: something was foimdeeded again, and must be located.

Refinding can take many forms, from trying to relteca key chain to trying to refind an email messag
that contained important information. In this @idation, the focus is on refinding electronic mfation —
more specifically, it is on refinding informatiohat has been seen previously on the World Wide Web
(WWW, or Web, for short). Refinding electronicanfation is a large component of personal inforomati
management (PIM). PIM is a broad area that corsidew people organize, manage, archive, refind, an
reuse a variety of types of information includirgppr documents, email messages, Web pages, electron
documents, files, contact and calendar informatimd, just about any other form of information.
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Refinding and personal information management tials to several other research areas in additon t
research on information seeking. These includesémeantic Web, research on the use of contextual
information in interfaces and information retrievalobile computing, ubiquitous computing, mobile
access to information, and voice user interfacaésftmmation.

2.1.1 Refinding is difficult to study

The nature of refinding requires that a personhak) found some information, and 2) has a need or
motivation to relocate this previously found infation. Finding, and especially refinding are often
motivated by unpredictable, external events. Tioegss of searching for information is often
opportunistic and can evolve over time. Thesed@sprake it difficult to observe refinding episodeas
they occur and can be difficult to recreate inlmlatory setting. Interview and diary studies can
investigate refinding by asking users to recalhdihg events and critical incidents and have tegapted
to fit the unpredictable nature of refinding neéske [TAA+04] for an example of a modified diary
technique). Studies of data logs (such as the Mgbstudied in [TG97]) can provide interestingutesof
aggregate behaviors, but logs often do not prothideich insights and details from direct obseomtr
interviews. Studying refinding in a laboratorytseg has the benefit of being able to better cdraxternal
factors and to isolate factors of interest. Howglaboratory studies can lose important aspecteaif
world activity.

In the research presented here, | chose to stdiddirey using a laboratory study based on a s¢hsks
that were developed with the help of an empiritadiy of frequent and infrequent tasks. | chose a
laboratory study in order to help focus on parécd&ctors that might affect refinding.

2.1.2  Finding and refinding are related, but diffeent tasks

Finding involves the searcher in a process of logkor information. The purpose and scope of difig
activity may be well defined (e.g., find Rob Capr/eb page), or may be more vague (e.g., find
information about the history of Virginia Tech)in#ling, by nature, is an exploratory process. The
searcher is looking for something not found beford thus has some level of uncertainty about what (
anything) will be found and where it will be locdteCertainly, there are some finding tasks forolhi
users are confident of their outcome based on puevéxperience with similar tasks. However, many
finding tasks do involve uncertainty, both in terafisvhere and if the desired information will beufl,
and how to go about searching for it.

Refinding also involves the searcher in the prooé$soking for information, but refinding is tymady
more purposeful and well defined. Often peopléadryefind specific items. By definition, refinadjn
involves looking for something that has been sesfark or is known to exist Refinding can make use of
knowledge that is remembered from the finding psscich as starting points and waypoints, and may
rely on established patterns of access. In orystasearchers found that memories of patterasodss
were so strong that some participants “remembestafi's in a Web information-seeking task that trey h
not actually performed (such as starting at a @algr site or using a particular search engine) gvi&.
However, very little research has directly lookét\eeb information refinding, and even less has érath
specific differences between finding and refinding.

! An interesting question and point of debate aoistdefinition of refinding is, “Can you refind sething that you
know to exist but have not ever seen, such as ail #émat someone sent you but you have not yetXead
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2.2 Task

Task/Task type is commonly an important factor @ltdnd search behaviors. In this section, we revie
several dimensions of tasks that are importaninttirfig and refinding.

2.2.1  Taxonomies

Taxonomic classification of Web behaviors is anam@nt aspect of studying and describing Web usage.
Several taxonomies of tasks performed on the Web haen proposed [BJW+99] [MPCO01] [Bro02].

Byrne et al. [BJW+99] proposed a taxonomy of taskan operational level, close to that of a Welwisey
interface. The top-level of their taxonomy incladke categories: use information, locate on pgg¢o
page, provide information, configure browser, agalct to environment. These categories are refiiitd
actions such as read, view, download, print, disiad duplicate. Byrne et al. conducted a nasii@al
study of Web behaviors and applied their taxonoongiassify observed tasks.

The taxonomy that Bryne et al. [BJW+99] proposedsisful for examining the methods used to
accomplish higher-level tasks and may be considatrduk levels of methods and operators in GOMS
[CMN83][JK96]. For example, in a task to find apidnt the current weather for Blacksburg, VA, aruse
might go to a page (www.noaa.gov), locate on a (ffige a text box to enter a city or zip code), \pde
information (zip code = 24061), and configure tihewser (for printing the page).

Broder [Bro02] identified three types of motivat®for a Web search: navigational, informationat] a
transactional. Navigational searches have a gdaiding “a particular site that the user has imd
[Bro02, p. 5] and “is sometimes referred as ‘knatem’ search in classical IR” [Bro02, p.5].
Informational searches are traditional searchemformation on a particular topic. These queries/ be
broad in nature or quite narrow. Transactionakiggeare performed to find a site where additional
interaction will occur, such as shopping. Brodemducted two studies of searches on AltaVista andd
that 20-25% of queries were Navigational, 40-50%ewaformational, and 22-36% were Transactional.
Using search for navigational purposes as notd8rbger [Bro02] is similar to the use of a searchiea
in specifying the addressability of a Web pageasdhby Naren Ramakrishnan [RamO05].

Morrison, Pirolli, and Card proposed three sepatenomies based on the purpose, method, andntonte
of a Web search [MPCO01, p. 164]:

» Purpose taxonomy: “What was the primary reasomhferespondent’s search?”
o find (25%), understand (24%), compare/choose (51%)
* Method taxonomy: “How did the respondent find if@rmation?”
o collect (71%), find (25%), monitor (2%), explore®
* Content taxonomy: “For what type of informatiorthie responded [sic] searching”
0 product info and purchase (30%), medical (18%)ppe(13%), misc (8%), travel (7%),
business (7%), education (6%), job search (6%@nfie (4%), news (1%)

2.2.2 Domain

Task type and task domain are important factoraiman-computer interaction and have been foun@to b
a significant factor in studies of Web informatiiimding [WRM+02] [TFK+03]. Note that task domais a
considered in this section is related to, but défe from the concept of an individual's knowledgehe
domain (often called domain knowledge or topic farity). Domain knowledge is discussed in section
2.3.1.

The topic of a search task has been shown to plalean search behaviors. Woodruff et al. [WRM}02
conducted a study to investigate three differerthods of presenting summaries of search resul&n p
text, thumbnail images, and thumbnail images theakevenhanced by highlighting and emphasizing search
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terms. Their study included search tasks to fimecsic information in four categories: pictur@rhepage,
e-commerce, and medical information. They fourad thsk category had a significant interaction with
summary type for measures of task completion timteraumber of pages viewed. In addition, task
category had an effect on the number of “falsenal@te” — a measure of how often participants efsit
pages that did not lead to a correct answer tteitle

Toms et al. [TFK+03] examined search strategidstn domains (consumer health, shopping, travel, an
general research) using a hybrid interface thatiiterl both a list of Google’s top-level directogtegories
and a text box to type a search query to GoogleyTeport differences between the categories théor
categories of shopping and travel, participantssprore time exploring within a site” [TFK+03, B09].

2.2.3 Task Type and Task Complexity

Task complexity is itself a complex topic with sealedimensions.

In information science, task complexity can be @ered in terms of: repetitivityg priori determinability,
the number of alternative paths to the informatimmber of goals, uncertainty, number of inputs| an
other factors [BJ95, p.193] [Bys02, p. 582]. Imf@tion science studies and models often consiger th
predeterminability of task outcomes as a definingracteristic of the complexity of a task [BJ95BRA9]
[WBL+06].

Many of the tasks addressed in PIM are directeatindtion seeking tasks — in other words, they are
concerned with finding specific information, theusture of which is probably known to the searcher.
Often these tasks are fairly simple in concephaaigh the information itself may be difficult toclate. For
example, a user may know that she needs John pbeise number, but cannot find it. However,
information is often found in the course of addiegsnore complex or open-ended tasks.

In HCI and WWW research, information-seeking bebes/are often considered as directed or undireeted
searching or browsing. Searching is concerned liiking for a known item, while browsing is a pess

of looking to see what is available [JF97]. Semgland browsing have complimentary benefits —
searching is good for finding pages with speci#ierts quickly and browsing is useful in situatiorfseve a
good search query cannot be constructed (sucHadiwistic comparisons) [OC03]. For complex tasks
both searching and browsing may be beneficialpalgh it can be difficult to combine the two apprioes
[OCO03].

Task structure is a related concept that can dégogm important role in how information is sought.
Vakarri [Vak99, p.832] summarizes work by BelkinaMhetti, and Cool; Ellis and Haugan; and Bates as
follows: if an information-seeking problem is $iiructured, the overall search strategy used wilHat of
browsing (scanning, browsing, learning, recognitgurveying-chaining, journal run). If the problésn
structured, the strategy will be that of queryisglécting, specification, and ending). [Vak99, 2]83

Lieberman, Nardi, and Wright [LNW99] describe vdlle“nuggets” of semi-structured information such
as email addresses and phone numbers that are @echieddocuments such as Web pages. These
information nuggets are often the targets of Pllskclees. The concept presented by Lieberman ist al.
similar to the idea behind the semantic Web —ithpbrtant and actionable pieces of information lsan
recognized and tagged with metadata for easy ededing, and reuse.

Information refinding can be a challenging problehen the information is static, but informationtbe
Web can be dynamic in terms of its location anetiliie. Studies have documented the dynamic nafure
Web pages [Spi03] [BCO0] [Koe02]. The ever-chaggiature of the Web makes refinding even more
difficult and is an important aspect for informaticefinding tools, interfaces, and research.
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2.3 Individual

It is well known that individual differences affaotany aspects of human-computer interaction and how
individuals deal with information. A special issoiethe Journal of the American Society for Infotioa
Science and Technology (April 2000) was devotetradividual differences in Virtual Environments”,
including not only virtual reality, but also eleatic information spaces. Models of informationiseg
include components for individual factors [BJ9%Jactors such as cognitive style [FMMO1], self-edfig
[FMMO1], experience [LBWO0O] [JCWO03] [HS00], and giar [FMMO1] have been studied for their effect
on information search and retrieval. Preliminaguits of a recent study of how people use the Web
indicate that there are large individual differemgeknowledge and experience that affect strasagsed
and task completion time [Har02].

2.3.1 Domain Knowledge / Expertise

Topic familiarity refers to the searcher’s gendwradwledge of the topic of the information searcH &n
also referred to as domain knowledge. Familiaxity a topic or task is commonly regarded to be an
important factor in information search and retrlgi@02]. Wildemuth [Wil04] presents good review o
prior research on the effects of domain knowledysearch tactics, searching behaviors, search term
selection, retrieval success, and outcomes of lsiegrc Based on her review, she concludes tha, “th
evidence concerning the effects of domain knowlemtysearching behaviors is inconclusive,” [Wil04,
p.247] but also notes, “there is, however, conststapport for the propositions that differenceddamain
knowledge affect searchers’ selection of termsthatidatabases can effectively augment personal
knowledge in problem-solving situations” [Wil04, 248].

Kelly and Cool [KC02] examined the effect of toféeniliarity on information search behaviors with an
article database. They found evidence that fariifiaffected the amount of time participants spend
reading documents and the efficacy of the searchbey also found differences based on familiaritthe
amount of time participants spent reading documeAtthough these differences were not statistjcall
significant in their study, they felt that the tdeshowed that “the more familiar one is with a shaopic,
the less time one spends reading” [KC02, p.75].

Bhavnani [Bha02] examined the effects of domaindedge on searching in the areas of healthcare and
shopping. Participants in Bhavnani’s study weneeekin one of the domains but not the other. The
participants were asked to perform search taskstimdomains. The results showed that domain éxper
did exhibit different, more effective searching aelors. Bhavnani noted that experts made use obdo
knowledge to help their searches. He also notaitimight be difficult for novices to acquire the
knowledge of experts by using search engineselated work, Bhavnani et al. [BBJ+03], argue that,
“domain portals... do provide reliable sources of infation, but also do not provide the procedural
knowledge to organize a search” [BBJ+03, p.394).adldress these issues, they developed a portal,
Strategy Hub, designed to help users acquire tiosviedge.

In an interesting study, Whittaker, Hirschberg, &takatani [WHN98] examined the effects of familigri
on searching an archive of recorded speech ddtay fbund that “overall familiar material elicitsone
efficient search” [WHN98, p. 248]. They also lodkat the effects of task type, finding that morenptex
task types resulted in less efficient searches tiwshs directed at finding a single piece of infation.

Zhang and Ghorbani [ZG04] describe the relationbleipveen familiarity and trust that has been actopi
study in a variety of fields. They note that faarity is a multi-dimensional concept and reviewefi
factors that may affect familiarity: “prior experice, repeated exposure, level of processing, study
duration, and forgetting rate” [ZG04, p. 24]. Thago note that measuring familiarity can be diffic
because an individual's familiarity with a Web gitay change over time and due to the factors ffextta
familiarity.

Often, expertise is considered along two dimensialtsnain expertise and search expertise [HS00]
[JCWO03]. Domain experts are knowledgeable abauptrticular domain in which information is being
sought. Search experts have specialized knowladdexperience with the tools or databases beied us
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in the search. For example, librarians may haweve@dge about how to search particular databases, a
Web experts may know special techniques for seagahie Web.

Holscher and Strube [HS00] report on an experim@at@parison of these two types of expertise. & 2x
study was conducted with Web expertise and domadmviedge as the independent factors. They found
both “independent and combined effects” [HS00, p]34 the two types of expertise. They report that
participants with expertise in both areas did testlon search tasks. Participants with experienoae
area used compensating strategies such as relyiteyrminology (domain experts). Participants dthy
expertise were “less flexible in their strategig4500, p.345].

Jenkins, Corritore, and Wiedenbeck [JCW03] alsalaoted a study to examine domain expertise and
Web expertise in a 2x2 study. Their results suthes Web expertise is linked to search stratemgy shat
Web novices search breadth-first and Web expegtsnare likely to investigate deeply into the result
Their results also suggest that domain expertsiat@kearch results more closely [JCWO03].

Lazonder, Biemans, and Wopereis [LBWO0O] found ivat experts were better than Web novices at
locating a Web site (searching), but that expertsraovices performed about the same in locating
information once the Web site had been found (biroyys

In a longitudinal study of Web use, Cothey [CotOB¥erved that as users gained experience using the
Web, they used the Web less often, used querygsgded relied more on link-clicking, and used more
diverse sets of Web hosts. Cothey notes that these unexpected results. She discusses sevessibfm
confounding factors such as shifts in tasks andugea of the Web, but gives reasons why theseofact
were unlikely to have been the cause of the obdarsults.

2.3.2 Task Knowledge

Whereas topic familiarity addresses how familigearcher is with a particular topic area, task kadge
measures knowledge about how to do a specific taglo factors that contribute to task knowledge are
examined in this dissertation: tfrequencywith which a person does a task, andfthriliarity that a
person has with where the information requestethéyask is located. To the best of my knowledge,
work is the first to examine the effects of freqgeyeand familiarity on refinding.

In a strict sense, information refinding by an indiual can be viewed dichotomously — the infornatio
being sought has either been seen before and thenttask is refinding, or this is the first tirtee
information is being looked for and the task iglfilg. In a more relativistic sense, refinding tan
considered in terms of frequency — how often dbessearcher look for this information? For very
frequent tasks, a user may have highly developetiade of access and may be more likely to “teléport
directly to the information. For medium frequenagks, the refinding process may involve a mixtfre
recall and recognition. For very infrequent taskéinding may truly be “finding again”.

2.4 Time

Elapsed time is known to be an important factdongetting [And80]. In addition to forgetting, aitidnal
stimuli may interfere with existing memories [Andg86specially of similar items. Based on theseaff
studied by cognitive psychology, | expect that tifaed the interference of similar items) plays an
important role in information refinding. Specifilya the time that elapses from the last time thaiece of
information was found to the time that it is neettletde refound is likely to be an important factor.

To the best of my knowledge, the specific effedtsroe on Web information refinding have not been
examined extensively. However, particular timegghpve been used in studying other effects. For
example, Jones and Dumais [JD86] conducted a stiidhe effects of spatial references to documemnts a
used a 13-17 day gap between practice and resalbss. Maglio and Barrett [MB97a] studied people’
ability to recall and reproduce Web searches ard asgap of one day. In the main study presentéus
dissertation, | used a time gap of approximatelesalays.
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Another factor related to time is how time affeitts value of information. Information that is vahle

right now may be less valuable in the future. &irty, information that does not stand out as being
important now may be realized to be very importdrd later time. Wen [Wen03] conducted a study of
what he refers to as “post-valued recall” (PVR) Vpalges — pages “whose value is not recognized until
some time after its initial retrieval.” [Wen03,185] In a study of PVR, Wen observed that usets ha
difficulties relocating PVR pages and that they haate difficulty locating recalled pictures tharcaded
text, likely due to difficulties in using Web sehrengines to locate images.

Mary Pinney conducted study of PVR and refindin@RD4] while working with the research group that |
am a part of at Virginia Tech. In her study, shd two experimental sessions. In the first sessioa
informed half the participants that information folin the first session would need to be refounithén
second session. The other half of the participaste not told specifically that they would be néed

refind the information. In her results, she did abserve significant differences in refinding beén the

two groups. This result was not expected and naag lheen due to the difficulties in motivating PMRa
laboratory setting. Time and PVR are importaneatpof refinding and personal information managgme
and their effects should be explored in more detalil

2.5 Models

In this section, several models of information $eglare reviewed and their relation to information
refinding and personal information managementssutised.

Models of information seeking include categorizasiof task categories [BJ95], information typesJ)
and stages of information seeking [Kuh91]. Bysti@md Jarvelin propose a model that distinguishessta
in terms of: the priori determinability of the information needed, theqass to obtain the information,
and the task results. Tasks for which all threeneints can be fully described in advance fall atemd of
the spectrum (automatic information processingspakd are fairly well defined, while tasks thavda
many unknowns are at the other end (genuine dadagks) and are more unstructured [BJ95].
Differences in how people approach the types dfstasve been shown [BJ95] [Bys02]. Bystrom and
Jarvelin also outline three types of informatigeroblem information, domain information, and prabie
solving information [BJ95]. Kuhlthau describesgda in the information seeking process: initigtion
selection, exploration, formulation, collectiondagpresentation — and describes differences in thisug
actions, and tasks for each stages [Kuh91].

25.1 Finding — Vakkari

In an effort to integrate research from informatietrieval and information seeking, Vakkari [Vak99]
outlined a model that connects task complexitybfgm structure, and prior knowledge to information
actions. In his model, shown in Figure 1, prioowfedge, task complexity, and problem structurerely
influence each other, and each have effects oimthlmation actions. He cites “both theoreticatlan
empirical” [Vak99, p. 822] evidence to support thedel, yet notes that additional research is neéaled
examine “the various relations between task conifglexid the major dimensions of information
activities.” [Vak99, p835].
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Prior knowledge
knowledge structures

* scope
« differentiation \
« integration

Task complexity Information actions
predeterminability of o need and use
« info requirements > of info and source types
e process  search strategies
 outcome * relevance assessment

\ Problem structure /'
e structured

e ill-structured

Figure 1. Model of Information Seeking from [Vak99 p.830F

Vakkari also notes that few studies have examired grior knowledge relates to “the changes of
cognitive structures of actors in information séarg,” [Vak99, p.828] and that “One of the main
difficulties in research has been how to descrhmnges in understanding, i.e. in cognitive stragun a
way that would connect the change process to clsangeformation actions” [Vak99, p.828].

In this dissertation, | do not attempt to examiogritive structures of searchers and how they ahamgf |
do focus on the role that prior knowledge and epee play in information seeking and present eicgdir
results showing effects of prior knowledge on infation actions. | present results from a contcblle
laboratory study of finding and refinding infornti on the Web that examined the effects of task
frequency and task familiarity (prior knowledge)iaformation seeking behaviors. My study focusad o
tasks with well-defined information goals.

2.5.2  Finding — Belkin

Belkin, Marchetti, and Cool [BMC93] describe a mbakinformation seeking that characterizes
interactions along a set of four dimensions:

Method of Interaction: ~ scanning to searching

Goal of Interaction: learning to selecting

Mode of Retrieval recognition to specification

Resource Considered: inforamtion to meta-inforamtjBMC93, p. 325]

Considering each of these as a dichotomous variBel&in, Marchetti and Cool [BMC93] and Belkin,
Cool, Stein, and Thiel [BCS+95] consider 16 infotima-seeking strategies (ISS). In their model, &8
used by a person may change as the informatioressealituation changes. Belkin et al. [BCS+95]
describe an example of this:

“For example, a person may not be able to speleéititle or author of a book she is looking fort may
remember its approximate shelf location. In otderecognize the item, this person might go to linisition
and scan the shelves (ISS5). While at the shedbhesmay find some other book or item that seelweaet.
This might prompt her to search for other simitanis, but first she needs to know how to find tht=smas.
In order to learn how other items have been charaed in the information system, she may turn hoeta-
information resource, such as a catalogue, toiigethe subject terms under which the item has been
indexed (ISS12). Having finished this step, thisruvould be able to continue the information-segki
episode by specifying these terms in a searchtf@raelevant items (ISS15).” [BCS+95, p.381]

2 Reprinted from Information Processing and Manageméol. 35, Vakkari, P., Task complexity, probletnucture
and information actions: Integrating studies dorimation seeking and retrieval, 819-837, Copyrid®99), with
permission from Elsevier.
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Belkin et al. [BCS+95] further explore how this caeterization of information seeking can be useann
interactive system based on the concept of theamsksystem engaging in a dialogue.

2.5.3  Web Information Seeking Behavioral Model — Cho, Detlor, and Turnbull

Choo, Detlor, and Turnbull [CDTO00] conducted a esviand empirical investigation of how modes of
scanning/browsing as defined by Aguilar and expdrzeWeick and Daft (undirected viewing,
conditioned viewing, informal search, and formadre) are realized through the set of information
seeking behaviors outlined by Ellis (starting, orag, browsing, differentiating, monitoring, and
extracting). In the study by Choo et al., the VBebhaviors of 34 business workers were collected and
analyzed during two-week periods of time. Eachigpigant completed a questionnaire, had data deitec
through a custom software package that logged WRidsbrowser actions, and completed an interview
about critical incidents of Web information seekirgixty-one information-seeking episodes werecete
and categorized according to the modes of scaramdghe information seeking behaviors used. Choo e
al. [CDTO0Q] reported the most frequent behaviorssfach mode:

» Undirected viewing — starting, chaining

* Conditioned viewing — differentiating, browsing,damonitoring
* Informal search — differentiating and extracting

* Formal search — extracting

These results are interesting because they illestraesearch that has combined several models from
information science and empirically investigate€ittapplication to Web information seeking.

2.6 Studies of Information Refinding and Reuse

Few studies have specifically examined how pecogfiada information on the Web and how the process
and strategies used in refinding relate to those wghen initially finding information. In this sian,
several studies of refinding and related topicsraveewed.

2.6.1  Studies of Refinding

2.6.1.1 Maglio and Barrett, 1997

The most relevant prior study was an examinatiomos¥ people search the Web by Maglio and Barrett
[MB97a] in which participants performed identicabsch tasks on two different days. On the secaiyd d
before each task, participants verbally recall&irthearch actions from the first day. This sthdy a
small sample size (7 participants and 3 searchasadsy), but was conducted as a controlled stddyo
main results were reported. First, that peophe @alroutines for searching, even to the point of
remembering search steps on the second day thatneéactually performed on the first day. Theosec
result was that while participants could not alwegconstruct a search path exactly, that certady™k
nodes, owaypoints were remembered and play an important role indefg.

2.6.1.2 Capra and Pérez-Quifiones, 2002

We confirmed and extended the results of Maglio Rartett [MB974a] in a study of collaborative
information refinding [CP05a] [CP03]. The studyatved pairs of participants conversing over the
telephone. One participant (tretrieven helped the other participant (thee refind Web information
that the user had previously found during a seds@ith one week earlier. To facilitate this, theiexer sat
at the computer that the user had used when fitiminformation. The retriever had access to a
complete history of the Web browsing from the uséiriding session. In addition, during the initial
finding session, the user was able to make andjcgare persistent annotations similar to digitadtpid
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notes on the Web pages. These annotations amac#tegories were also available to the retriewvemnd
the refinding session. The study was conductell sii pairs of participants. Each of the six pairs
completed four tasks.

This study design allowed us to gain insight ifte strategies used to refind and present informagiod
into how domain artifacts and contextual informatigere used to help the refinding process. The
conversations were transcribed and coded forpdien references to waypoints and annotations, 2)
conversational grounding events, and 3) specifjcests for information.

Both users and retrievers used waypoints externsiggielp guide refinding and to establish common
ground. Twenty of 26 conversations included wagf®({76.9%). Additionally, we identified three g
of waypoints (page titles, URLs, and page desam and characterzied how the users and retriexses
them in refinding.

2.6.1.3 Capra, Pinney, and Pérez-Quifiones, 2004

Additional work on refinding has been conductechy research group at Virginia Tech. Mary Pinney
[CPPO04] conducted a controlled-study to examineetspof refinding, especially with regard to post-
valued recall (PVR). She did not observe any dhffiee in refinding between participants who werg an
were not specifically informed that they would néedefind information later. However, motivatiagch
a need is difficult in controlled conditions andthese results may not be conclusive. The restittse
study did indicate differences between task typparticipants had less accuracy refinding infororafor
exploratory tasks than for tasks to refind paraicWeb pages [CPP04].

2.6.1.4 Teevan, Alvarado, Ackerman and Karger, 2004

Teevan, Alvarado, Ackerman and Karger [TAA+04] cocigd a study in which they interrupted
participants several times a day over the coursevadek and inquired about their recent information
seeking for files, email messages, and Web pagbey observed instances of participaeteporting
directly to information and also ofienteering or making use of cues in the environment to i®@n
item. They also reported that participants useaviked search in only 39% of the information seeking
episodes they examined [TAA+04].

2.6.1.5 Boardman and Sasse

Boardman and Sasse [BS04] examined the persowairiafion management practices of 31 participants in
a study that examined data and behaviors acroksftrdiles, email, and Web. Among their many
observations and results, they found that thereseage overlap of strategies and structures betteeds

(i.e. creation of similar folders), but that “mdstders did not overlap” [BS04, p. 589]. They atsute that
participants used multiple PIM strategies both inittollections of data and across tools [BS04, §]58

2.6.1.6  Aula, Jhaveri, and Kaki

Aula, Jhaveri, and Kéki [AJKO5] examined the seant re-access strategies of 236 experienced Web
users. They identified a number of “key strategjadKO05, p. 587] that these users employed inrthei
searching (e.g. the use of multiple windows/tabs, @ recognition of the benefits of categorized
information). They also discuss several imporsrategies they observed for information re-ac¢ess
the use of search engines — although participantedrproblems with this approach, and the use of
bookmarks). Alua et al. [AJKO5] also note sevésalies with existing tools and strategies (e.gbleras
with history tools, and the difficulties that uséi®s/e understanding aspects of how Web searchesngin
work).
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2.6.2 Web Page Revisitation

2.6.2.1 Reuvisitation and Personal Information Reitail

Several efforts have examined patterns of Web pagsitation and found that users have a set oépag
that they tend to revisit often [TG97] [CGJ+03]evBral companies are investigating and deployiotsto

for refinding personal information such as docursgainail messages, and Web pages. Among these are
Microsoft (Stuff I've Seen project) [DCC+03], GoeglGoogle's desktop search program), and A9 (A9
toolbar).

Several research projects and studies have exphaedo help people recognize and revisit Web pages
that they have seen before. Kaasten, Greenbeaid; duwards [KGE02] conducted empirical studies as th
basis for guidelines for the recognition of previlyuseen Web sites and Web pages. One set ofligpasle
presents the sizes of thumbnails needed to ackisi@us recognition rates. For example, a 60%
recognition rate of a Web site can be achievedngavthumbnail image that is 96x96 pixels. Simjlarl
they developed guidelines for the number and msitof characters needed to achieve various retmgni
rates of textual URLs and Web page titles. WoddRidsenholtz, Morrison, Faulring, and Pirolli
[WRM+02] examined the use of text summaries, thuailbmages, and enhanced thumbnails in
information finding tasks. The enhanced thumbrizald certain keywords made readable. They fouaid th
enhanced thumbnails provided the best overall padace, but that for some tasks text summaries were
easier to use than thumbnails and vice-versa faraasks [WRM+02]. Two separate projects —
TopicShop [ATH+03] and DataMountain [RCL+98] haveered interfaces that include the use of
thumbnail images in organizing and understandingdp \\ges.

Cockburn, Greenberg, Jones, McKenzie, and MoyleJi 3] discuss issues with Web page revisitation
based on a study examining the Web activities afiséts during a 119 day period [CGJ+03, p. 163].
Based on their data, they report, "more than 80%a{@rage) of Web page visits being to pages pusiyio
visited by the user" [CGJ+03, p.180]. They alsccdbg alternatives to the standard history mechasis
such as "providing a complete, temporally orderstdoff previously visited pages.” [CGJ+03, p.180]

2.6.2.2  The Keeping Decision

William Jones describes “the keeping decision” astiver to keep some found information or not, and
asserts that, “the keeping decision is fundameattde management of personal information and
fundamentally difficult to do.” [Jon04, Conclusisection]. He examines the keeping decision agrabi
detection theory problem, weighing the costs opkag (e.g. storage space) and the costs of keeping
mistakes (e.g. too much information, not the rigfdarmation). In an example of how the costs aéfkiag
mistakes may be decreasing, he notes that evendi@ take no specific steps to keep informatiaméo
on the Web, “they can often easily return to thfsimation...” [Jon04, Conclusion section]. Howeues,
also notes the limitations and costs of havingetoember to return to information and of having kept
much information.

2.6.2.3 Revisitation and Personal Information Retal

Tauscher and Greenberg [TG97] conducted an exteasig early study of how people revisit Web pages.
They studied 6 weeks of Web browsing data from&3s1 Among their findings were that Web pages are
frequently revisited (revisitation rate of 58%) thiat only a few Web pages make up most of thisited
pages. They also found that many pages are asitedionce (60%) or twice (19%) [TG97, p. 131]. Of
particular interest for refinding research, theg@ived that some revisits were to Web pages tithhba
been visited recently.



18 Chapter 2. Introduction to Finding and Refindingdearch Robert G. Capra lll

2.6.3  Finding and Reminding

2.6.3.1 Finding and Reminding — Barreau and NaFdiiding and Reminding Reconsidered — Fertig,
Freeman, and Gelernter

Barreau and Nardi [BN95] reported on two intervigwdies conducted in 1993 and 1994 that examined
how users “organize and find files on their computd BN95, p. 39] The first study examined thie fi
storage behaviors of seven managers that usedyni3s-style filesystems. The second study reported
on fifteen Macintosh users in a variety of job piosis. In both studies, similar results were faunders
preferred a style of location-based search as @uptwsusing a keyword-based search utility, fileakion

on the desktop served as a reminding function tlaree types of information were observed: ephemeral
working, and archived. In addition, users did s®&¢m to stick to elaborate filing schemes to agfiles.

Location-based search as described by Barreau ardl N similar to the “orienteering” behavior obssd
by Teevan et al. [TAA+04] and is related to LucycBman’s notion of situated action [Suc87]. Barreau
and Nardi observed, ‘the user takes a guess dirtbetory/folder or diskette where she thinks a filight
be located, goes to that location, and then broweesst of files or array of icons in the locatitll she
finds the file she’s looking for. The processtegated as needed.” [BN95, p. 40]

Barreau and Nardi note that because of the rengrfdimction of document placement, a system thas doe
not include the notion of location (i.e. one theltes purely keyword search) will lack the impottan
reminding function that location adds. To elaberm their point, in effect, location is servingaas
important type of context on which users often telyelp refind files. Since users often rely bis t
context when refinding, systems that do not inclimecontext might not be used. Although Barrazdi a
Nardi’'s research was done over 10 years ago, thdtseare especially relevant today. New filesyste

and refinding tools that make keyword searchingeytonal documents easy need to find ways to
incorporate context and location into the refindimgcess. One example is the notion of havingation,
but that the location is a “query” of metadata.r Eeample, Google’s Gmail (gmail.google.com) allows
users to add labels to messages [Pog04].

Barreau and Nardi also note three types of infaonatephemeral, working, and archived. Ephemeral
information is information that is needed for aghength of time — email, lists, notes, memos, etc
Working information is information that has recargd importance and is important to the user’s airre
work tasks. Archived information is informatiorattis infrequently accessed and may include final
versions of documents and reports.

Fertig, Freeman, and Gelenter [FFG96] raised skigsizes in a response to Barreau and Nardi'srigli
One of the main points they questioned was whdthereau and Nardi observed a predominance of
location-based finding because of a real preferéorcthis method, or because of a lack of breaultiné
studies and a lack of good tools to provide keyvamdrch at the time the study was conducted. i$lais
good point that is still relevant in current resdaon finding and refinding. Teevan et al. [TAA104
reported that only 39% of the refinding instandes/texamined in a study of 15 users refinding bienav
for Web, email, and files used keyword-based seartbwever, of the three domains examined, only
pages on the Web have robust search tools (e.g.98&bh engines). Windows does provide a seaath to
for files, but it is limited to searching filenamekates, and times. Email clients often providede tools,
but they too are often limited to searching emaddrers such as subject lines. Recently, more
sophisticated “personal search” tools such as Gobgkktop and Apple Spotlight are being released.
Many of these tools index all documents, email, senked Web pages stored on a user’s hard disk and
allow users to issue keyword queries over theisqaal collection of documents in a similar way titety
use Web search engines. The deployment and aidapddthese tools will provide users keyword sbarc
capabilities for files and email that rival those ¥Web pages. The effects of this on finding afthding
behaviors is not yet understood and should beia tdguture research. Fertig et al. also poirit that
using file locations as reminders is somewhat ‘e’ land is constrained by a lack of labels andestre
space. They point to research on dynamic queniéviatual directories as innovative ways to expléle
spaces that need more exploration. These conf@ptamic queries and virtual directories) appedraee
influenced new designs for filesystems such as ddicft's WinFS [Riz04] and the organization of eniail
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Google’'s Gmail (gmail.google.com) [Pog04]. As welich as these are deployed and used, researchers
should explore how they affect information seekietpavior.

2.6.3.2 Ravasio, Schar, and Krueger, 2004

Ravasio et al. [RSK04] followed up on the work @&frBzau and Nardi, Whitaker and Hirshberg and others
to examine the behaviors and problems that usees\uith desktops, file systems, and informatiomlifirgy
and refinding. They interviewed 16 computer uggsWindows and 4 Macintosh) about their working
environments. They found that users viewed archéwe maintenance of their files and file systeriset
important tasks and that users relied on theirieesh They found that classification and labeliveye still
tasks for which users, “expended considerable tiogreffort” [RSK04, p. 164]. They found that dkill
users made use of desktop screen space to grauphggroximity based on themes and that the dpskto
was often used for temporary storage and verifiedcbntinued existence of ephemeral, working and
archived information. Users with lower skills didt use the desktop as extensively and may not even
realize that documents can be placed there. éspressed a need for a usable and useful way to add
notes and comments to documents and felt thatirxisbftware solutions were not sufficient. Rawvaet

al. [RSK04] also observed a prevalence of manuakcke(similar to the findings of Barreau and Narthg
use of spatial structures for organization (simitaMalone), and the “reluctant use of search tools
[RSKO04, p. 170]. Users were comfortable using Wehrch tools, but reported that when searching thei
personal space, they preferred manual search lecBusternet search was used to look for new
information, while searching their personal spaes o refind a known item, 2) manual search helped
provide “an up-to-date overview and orientatioriraf contents’ structure” [RSK04, p. 171], and &réh
are limitations with the interfaces for currentlbin OS filesystem search tools such as the one in
WindowsXP [RSK04, p.170, p.175].

2.6.3.3 Malone, 1983

Malone [Mal83] conducted one of the first studiésl@sktop file organization aimed at informing the
design of computer filesystems and tools. In higyg published in 1983, he examined how people
organized information on their physical desktopd affice surfaces such as tables and cabinets. He
interviewed 10 people that performed a large amotmtork at their desks. He codified messy and nea
offices and identified two forms of organizatioite$ and piles. He observed that in addition tofthding
function that the spatial organization of itemsaothesk provides, there is an important remindimgtion
on which users rely. He noted that people haugbteofiguring out how to classify and label itenmsldhat
this can be a barrier to filing. He hypothesizeat this difficulty may be one reason that peoleehmany
loosely classified piles of paper on their desksla, p. 108].

Malone suggested several ways that computers ¢@liidpeople in file organization and management
based on studies of physical desktop use. Amogggtivere: support for multiple classification alirrgle
document, allowing deferred classification of awoent by storing it on a desktop as users curreiat)y
the automatic classification of documents basethetadata such as email fields, file access tintes, e
and allowing document retrieval and searching basechultiple fields.

2.6.3.4  Whittaker and Hirschberg, 2001

Whittaker and Hirschberg [WHO1] looked at how enygles in an industrial research environment
managed archives of paper information. Their sealycided with the employees moving to a different
office space, so they were able to inquire aboaidcisions made about whether to keep paper
information and the quantities of information bbtfore and after the move. Fifty employees coreglet
an on-line survey and 14 participated in followinferviews. They found that despite increasing
availability and use of electronic information stge and publicly available electronic information
repositories, that people kept and valued largeuaisoof paper information. Workers kept 78% ofrthe
paper archives and spent an average of almostioums reviewing their data for the move. They also
found that people retained large amounts of unserkor under-processed data due to information
overload. Participants reported having troubldwatang the value of information, and would savioit
deferred evaluation in case it was needed. Howeleaning out workspaces was not often done
spontaneously — 74% had not performed a cleanadhiei previous year and 84% of clean-outs weret@ue
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job changes or office moves. People did keep gmper information because it was unique, such as
working notes, archives of completed projects, lagdl documents. However, 15% was unread and 36%
were copies of publicly available documents. Thegses were kept for reasons of availability,
reminding, and in some cases, concerns about getyirpublicly available sources for important
information.

Whittaker and Hirschberg also investigated the tpzas of filers and pilers. They note that manyhef
participants in their study kept both files andepijlso they separated them based on a 40% threshold
Surprisingly, they found that filers had larger paprchives than pilers. They theorized thatnidy be
due to filers prematurely filing information befdkeowing its long-term value. Then, once filed, it
remains filed. Another interesting finding wastthéers tended to access their archives more &ty
perhaps due to availability.

Whittaker and Hirschberg conclude that there areetimajor problems that users face when dealifg wit
information, in paper or in other forms: “(a) detéming the value of incoming information, (b) decigl
whether and how to categorize that data, and (edeicting whether to keep incoming information &atae
in their immediate workspace or file it away fotelaaccess”. This last point is related to “thepiag
decision” and, as Whittaker and Hirschberg notepimplicated by information overload and the chaggi
value of information (related to Wen’s notion ofspealue recall [Wen03]).

2.6.3.5  Graphics, Visualization, and Usability GamtL998

A 1998 study [GVU98] conducted by the Graphics,udiization, and Usability Center (GVU) at Georgia
Tech found that 73.6% of the respondents includgdhering information for personal needs” among the
responses to the question, “What do you primasly the Web for?” (GVU Center at Georgia Tech 1998,
“Primary Uses of the Web” section). This questieas a multiple-choice, “check all that apply” quest

in the “Primary Uses of the Web” section of the G¥livey [GVU98]. Other possible responses to the
guestion included: Education (61.4%), Shoppindygang product information (52.4%), Entertainment
(60.1%), Work/Business (65.9%), Communication withers (not including email) (35.4%), Wasting time
(37.0%), and Other (8.7%). “Gathering informatfonpersonal needs” was the highest response with
2421 out of 3291 participants (73.6%) includingnitheir marked choices [GVU98].

In the same survey, 45.4% of the respondents irdiutNot being able to find the information | am
looking for” in their responses to the question,H&¥do you find to be the biggest problems in usirg
Web?” [GVU98, “Problems Using the Web” sectioflhis question was a multiple choice, “check alttha
apply” question in the “Problems Using the Web"tgmtof the GVU survey. There were 19 possible
responses to this question. “Not being able td fire information | am looking for” (1493 out of @R
participants, 45.4%) was one of nine responseshigther than 40% of the participants includingnittieir
marked choices [GVU98].

Also in the GVU survey, three additional resportsethe question, “What do you find to be the bigges
problems in using the Web?” are of interest:

30.0% Not being able to find a page | know is betrée

16.6% Not being able to return to a page | oncikeds

27.6% Not being able to efficiently organize thisimation | gather
[GVU98, “Problems Using the Web” section]

These results suggest that re-finding once-found Péges is a problem and that users have trouble
organizing information found on the Web.
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2.6.4 Bookmark Usage

Jones, Bruce and Dumais [JBDO01] obsef\kdt users in their study did not make extensseaf
bookmarks. However, earlier research with largen@e sizes has shown that users do create bookmark
and has investigated their use and organizatiorihd 1998 GVU Web Survey, only 2.2%f users

reported not using bookmarks or favorites and 57&p6rted having more than 50 items in their
bookmark lists [GVU98]. Abrams, Baecker and ChlgpBC98] reported in 1998 on an extensive study
of bookmark usage. Among their findings was thidioaigh bookmarks are relatively easy to createyyma
users don't organize bookmarks (approximately 37%eir respondents said they did not organizerthei
bookmarks) [ABC98, p.44]. The 1998 GVU Web surpeyvides a slightly different view of bookmark
organization: 75.5% of respondents indicated ity had manually re-arranged bookmark entrie9%6.
reported that they had created folders of relatds, 65.6% indicated that they had changed ag'&ntr
title, and 82.1% reported having deleted an er@yJ98, “Favorites/Bookmarks Usage Patterns” segtion
In the same survey, on a question regarding faasdbibokmark problems, 19.9% of the respondentd cite
“there is no way to quickly store a new page inglaee | want it” and 20.2% cited “there is no gaaaly

to organize the pages” as problems with the fagsftitookmark utility in their browser [GVU98,
“Problems Using Favorites/Bookmarks” section]. 3éeesults have implications for the types of
engagement that can be reasonably expected fram tasenter explicit context to help with informaati
refinding. As Abrams et al. note, “Organizing baowltks is labor intensive, requires extensive tiamg is
difficult to do” [ABC98, p.44]. A recommendationoim this observation is that tools are needed that
“minimize the effort needed to organize bookmarksyst&mns should provide users with an immediate
filing mechanism so that bookmarks can be filedratition-time” [ABC98, p.47]. An additional
recommendation is that “an integrated bookmark mement system should fit naturally into the Web
browser” [ABC98, p.47].

2.7 Tools for Finding and Organization

A number of tools have been developed and studiéelp users find and organize information on the
Web. In this section, Web browsing tools and &assts related to information finding, refinding,daiRIM
will be reviewed.

A handful of projects have examined the recognitbtnuggets® [LNW99], or pieces, of information
embedded in documents and techniques to allow tsg@erform context-sensitive tasks using the
recognized information nuggets. Several of thesgpts were investigated in the context of collalige
agents and have explored techniques for unobtiysiNgplaying information and allowing users to
manipulate it. Researchers at Apple Computer egglthis area with their Apple Data Detectors
[NMW98] and the related LiveDoc [MB98] and DropZai®M98] projects. Pandit and Kalbag [PK97]
at Intel Labs developed a similar system called3&kection Recognition Agent. These systems peovid
users an ability to perform a set of customizelbviant actions on pieces of information that are
recognized by the system. For example, if a doctimentained a phone number, the system might parse
the text, recognize the phone number, and providiers such as “call this person at this numbeR{B,
p.60], or “add this person to my address book” [BYI9.60], possibly through a contextual menu olegin
by right-clicking on the email address in the teXhe use of contextual menus allows unobtrusigpldy

of contextual information and allows users to matsfe information without interfering with othersta®’.
These systems often include an interesting usenoifdit and explicit input; typically, the informian

% The authors note that they make this point abmutdookmark usage “tentatively#l[dBBO01, p.123] hesm of the
way their study was conducted.

4 In response to the question, “Approximately hoangnitems does your Favorites/Bookmarks contaid2%
responded “I don’t use Favorites/Bookmarks™ [GMU98umber of Items in Favorites/Bookmark” section].

® Lieberman has used the term “nuggets” to descfisenantically meaningful and syntactically recagthile items
embedded in a larger body of unstructured inforomtjLNW99, p.116]. In his description, semi-sttued
information is information that contains such “netgj. | will use the phrases “information nuggeasit “information
pieces” interchangeably in this section to refethim same types of “nuggets” that Lieberman defined

% Not all the systems described here use contertaalis, but they are a prominent feature in sevéithle systems.
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nuggets are implicitly recognized by the systent,dmtions are not taken by the system until the use
provides explicit input.

2.7.1 Intel Selection Recognition Agent

The Intel project [PK97], called the Selection Rgmition Agent (SRA), intercepts operating systerargs
to determine when text has been selected in a windbpasses selected text along to a recognition
process that looks for information nuggets suctyasegraphical names, dates, email addresses, Usenet
newsgroup name components, world-wide Web site agliRLs), and phone numbers” [PK97, p.47].
The SRA can also acquire text when it is copiethéoclipboard. Then, by right-clicking, the usanc
bring up a contextual menu of actions that carakert on the information nugget such as opening a
calendar program to the date selected, or stamtingmail program with a message addressed to thié em
address selected. The SRA is application-indeperated works with Microsoft Windows 95.
Timesavings and reduced keystrokes/mouse-clicksd¢omplish tasks are cited as benefits of the SRA
[PKI7].

2.7.2  Apple Data Detectors

Apple Data Detectors (ADD) [NMW98] are very similarnature to the Intel Selection Recognition Agent
ADD allows users to select regions of text in doeats and perform sets of actions involving inforiomat
nuggets that are found in the selected text. Unslyeness was a major design goal of ADD, so nitisch
operation is conducted “behind the scenes” argl“ivisible until needed” [NMW98, pp.98-99].
Contextual menus are used to display a list ofgeized information structures found in the seledéed

and the actions that can be taken on them [MB®gjple Data Detectors can be extended by writing new
detectors and action scripts. A scripting langussgebe used to manipulate data and to interfaeetti

with any existing “scriptable application” [NMW98,101]. At the time of the article (1998), writingw
detectors and action scripts was a job for prograrajbut the researchers were investigating the
development of end-user programming tools. TherBrax, “Grammars by Example” [LNW99, p.116],
tool was an apparent result of this effort. Gramigows users to create context-free grammar rojes
example. Such grammar rules are important compsrienbeing able to customize systems such as
Apple Data Detectors that parse text and use gramutes to identify information of interest.

2.7.3 LiveDoc and DropZones

Apple’s Advanced Technology Group worked on twojgcts, LiveDoc and DropZones that were related
to Apple Data Detectors. These projects were basmhd the idea of “structure detection” in docatee
[MB98, p.53]. LiveDoc [MB98] was a system develdde extend ADD and address some of its
limitations. Like ADD, LiveDoc operates in the lkgcound to find information nuggets, but it does$ no
require users to select the text to be analyzedDd3 does. Instead, LiveDoc parses the entire lgsib
portion of a document and will highlight all recéged structures if the user presses a function Reys
automatic structure detection and highlighting savgers from having to select a section of textveaid
for it to be analyzed. Performing structure detecas a background process can allow more sopdiiet
processing to take place since the system doaseeatto complete its parsing in the “very shortqubof
time in which users are willing to wait for a pop-menu to appear” [MB98, p.55]. Highlighting the
recognized structures allows them to be treatetirast manipulation objects [MB98]. LiveDoc was
implemented using a client-server architecture ith@dtided application clients, a LiveDoc managed an
Analyzer Server.

DropZones [BM98] was a project that explored issa®gond LiveDoc, especially in the area of enabling
users to combine information nuggets to performenamtvanced tasks and manage relationships between
items. DropZones employs the use of “assista®b198, p.60] that are able to process and combine
particular pieces of information (found by LiveDagithin a context. For example, the Email assistam
accept names and email addresses. The user eahad then drag information pieces over iconsafor
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variety of assistants. If the assistant can ptssinformation, it highlights itself. If thearsthen drops
the information on the assistant, it will displaget of actions that can be taken in an “Assistamtiow”
[BM98, p.61]. A main feature of Drop Zone assissan their ability to compose (combine) pieces of
information. For example, the “Meeting Assistafgtiown in figures as the “Appointment Assistant”)
[BM98, p.62] can compose a date, time, and plaimean appointment which can be added to the user’s
calendar. DropZones includes mechanisms to represenantic information about the information found
by LiveDoc. It uses a “frame-based object sys@mgymented by relational axioms to express factatabo
these objects” [BM98, p.61]. Facts and axiomsume by the assistants to help process information
objects and draw inferences. For example, by usmgxiom, the email assistant can determine afil ema
address if given a phone number. The authorsthatehis aspect of DropZones runs into traditional
problems of knowledge representation, but that d@ffset somewhat by the limited scope of the
information being processed [BM98].

Context shared by the user and the system can assis in refinding information when it is needed.
Making context explicit can help the user desctii®r information needs and can help the systemsfoc
and describe information it has stored. Drop Zgwesides assistants to help users explicitly omgmand
combine pieces of information. These capabiliéiessupported to some degree in Web annotatiosa tool
that integrate with Web browsers. However, théstamsts-plus-direct manipulation approach taken by
DropZones is an interesting interface for entegrglicit context.

2.7.4  Cyberdesk

Cyberdesk is a framework for integrating informatecross applications that makes use of contextual
information [DAW98]. Cyberdesk uses the user’steghto present a set of possible actions thatitiee
might wish to take in desktop applications. Foareple, if the name of a person were selected irea W
browser, Cyberdesk might provide options such searth for the selected text using AltaVista, deéoc
a phone number and mailing address using Switchbé@okup the name in the contact manager”
[DAW9S, p.48]. New applications can be integraitetd Cyberdesk by writing wrapper functions that
register services provided by the application aglg Cyberdesk execute application functionality.
Cyberdesk has chaining and combining capabiliilefiar to those found in DropZones. Chaining is a
process by which Cyberdesk can use one piecearhiaition to find another. For example, if a user
selected a name, this name can be looked up itebake to provide an email address. Combinindean
used to enable more robust actions that involveiphelinformation pieces. For example, a name and
address could be combined and used to lookup aepmamber.

2.7.5 Observations about Tools for Finding and Orgaization

The projects reviewed in this section (2.7) alllergd ways to allow users to take actions on reizadnhe,
semi-structured, information nuggets. The useootextual menus, function keys, and direct manipara
to take actions involving the information nuggetsiitype of explicit input by users regarding the
information. This input could be used to develaplieit user-system shared context. The infornratio
nuggets identified by the system can also be viawégrms of a user’s need to store and re-findisem
structured information. Some of the actions amatfions supported by the projects reviewed herediec
mechanisms for storing information for later re-usgaving an appointment in a calendar for example.
However, many information nuggets don't fall intefefined application categories such as email,
calendar appointments, and address books and beuokfit from a general-purpose mechanism to store
and retrieve information nuggets.

The projects reviewed in this section (2.7) proviteghts and contributions about how to creatg-¢as
use, unobtrusive interfaces to allow users to ifleahd manipulate information nuggets. However,
additional mechanisms for entering explicit contaety also be needed to support robust user-system
shared context. Web annotation systems also baoigrideas about how to develop good interfaces to
allow users to explicitly identify and label infoation for later re-access.
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2.8 Personal Information Spaces and Automatic Indexing Tools

The previous section focused mainly on systemsrétatgnize information nuggets in documents and
allow users to perform actions on this informatforostly at the time it is being viewed). A numioér
other projects have focused on helping users auicaiig archive and index information they have
viewed, with a goal of making it easier to re-fimad retrieve at a later date. A number of thesgepts
have been Web-oriented, but several have attemptedex information from a wide variety of sources

2.8.1 Remembrance Agent and Margin Notes

Remembrance Agent [RS96] and Margin Notes [Rho@®}elated projects developed by Brad Rhodes at
the MIT Media Lab. The Remembrance Agent (RA) system that works in conjunction with Emacs and
observes the content of the document the userrisrdly working on [RS96]. Based on this, the RA
provides suggestions of other documents in thésusellection that are possibly relevant to theeuotr
section of the text. To make these suggestiomsaitains an index of all the documents, emaslst, t

files, etc. that the user views. Suggestions adeaiin a separate Emacs window. Measuring thigyuil
usefulness of the suggestions is difficult, esglcisecause “there is a large difference betweésveant
suggestions (those that have a strong relationet@ser's current context), and useful suggesti@s96,
“Evaluation” section, para. 1]. They comment thegt best way to evaluate such systems is in thetézo

of actual use” [RS96, “Evaluation” section, parh. 1

Margin Notes is a related system that is integratedWeb browsing rather than into Emacs [Rho00].
Margin Notes indexes “email archives, notes fites] other text files” [Rho00, p.220] and uses itiex

to make suggestions of documents that might beaetdo the Web page that a user is currently vigwi
Margin Notes is implemented as a proxy that dynallyi@nnotates Web pages by displaying information
about and hyperlinks to potentially relevant docotaén a margin that it adds to each Web page alspl
[Rho00Q].

Both Margin Notes and the Remembrance Agent argepted as tools to help users recall potentially
relevant documents from their personal store afrimftion. They attempt to anticipate a user’s
information needs and present relevant information.

2.8.2 Haystack

Haystack is a system for gathering, storing, adéxmg a personal store of information [AKS99].
Haystack automatically performs a number of thesetfons, yet also tries to expose and exploit
relationships and connections that it can discameong the data stored. A main idea behind Hayssack
to provide an information storage and retrievatesysthat is customized and adapts to a particiger. u

Haystack implements a very generalized data mbd¢lielps it annotate information and make
connections between various pieces of informatidhe generalized nature of the data model allows
Haystack to store a wide variety of informationegp Information is stored in nodes of a graph (ibees
are called straws) [AKS99]. Straws are a supesadisn inheritance hierarchy that includes needles
bales, and ties as subclasses of straws. Neddtes‘a single primitive piece of information” [AKS,
p.416] such as the text of a document or the dontitgpe. Bales are used to group together othées\o
such as to group all the information related t@gipular document. Ties are used to connect ctinaws.
Ties are really the edges of the graph, but sineg too are straws, they can have things tiedemth

Haystack uses several types of “observers” [AK$9918] to help it make inferences and connections
among data without requiring explicit user inputhaugh Haystack also includes mechanisms for users
make annotations and connections by hand). Welernad proxies are used to observe Web pages and
email documents viewed by the user and to add tbehe user’'s Haystack. As documents are added,
Haystack can annotate them with a “visited’ tinfil@KS99, p.420] to allow users to make queries based
on the time a document was viewed.
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Queries in Haystack are treated as first-classctdhjeQuery observers watch a user’s queries to the
Haystack and store these as Haystack objectsdhdte annotated or connected to other objects sthieky
can use these stored query objects to help refieeygesults, reinforce relevant documents, angligeo
results to other queries.

Data are added to a user’s Haystack not only thrdlg addition of documents that they view, bub als
through a number of “data driven clients” [AKS, 193 that operate on “information that already exigt
the repository” [AKS, p.419] to add new informatioBxamples of data driven clients include: fetttants
that can retrieve related documents and informasiooh as fetching a URL that is mentioned in a
document; type inference clients that guess the ¢f@ document and add this information, suchRBR
file or HTML Web page; extractor clients that “attet to extract textual information from the retieev
documents” [AKS99, p.419] such as converting pogistto text; and field finder clients that “eaut
various pieces of meta-data” such as “the to, frama subject lines in an email message” [AKS991 94

Human annotation is another source of informati@t tan be added to a Haystack. Several interfaees
supported to allow users to add annotations tanmétion stored in their Haystack: “a custom (peedp
Web server, a Java based GUI, a command linedadlan emacs interface” [AKS99, p.421]. The awhor
note challenges in getting users to devote effoarinotation: “This variety of access mechanisiifls w
perhaps encourage the integration of annotatiantive user’s workflow. However, significant user
studies will be required to refine this approachKE99, p.421].

2.8.3 Watson

Watson is a system that observes users interaatitmslesktop applications such as a word procemssadr
Web browser and uses this context to try to makegptive recommendations of other information
relevant to the user’s current context and acigifBHO00]. The text of open documents is processed
used to form queries that are sent to a varietyptefnet information sources. The results of tlopseries

are processed and presented to the user througtol&atiser interface window. Waston is designed
around the idea of using activity on the desktoprgaicit input (context) for anticipating and astiing

with the information retrieval needs of the usEisers can also input explicit queries using Watson.
Watson can complement these explicit queries vatitextual information from the user’s open docursent
in an attempt to form more context-relevant quefdesl results).

2.8.4  The Information Programming Toolkit

The Information Programming Toolkit (IPtk) is a prct at IBM [FBC+02]. Describing the project, the
authors note, “To support how people naturally endinely organize information, computers oughb&
able to reflect the categories, relationships, @res that people rely on when thinking about and
remembering facts” [FBC+02, p.190]. The IPtk appda be focused on the programming architecture to
support information use. The IPtk has been usegtelop a “personal library” [FBC+02, p.191]
application that uses intermediaries and IPtk “psgoous indexing” [FBC+02, p.190] to create an inde
of information that a user has viewed from a varadtdifferent sources. The IPtk appears to inocape
context into its indexing; the authors describergsebased on user recall such as “the note | wdvle
talking to Barney on the phone” [FBC+02, p.191]aaremail message “received from Fred before rpy tri
to Acme,” [FBC+02, p.191] although it is uncleamhmuch of this functionality is supported in their
current implementation.

2.8.5 Vistabar

Vistabar is a Web browsing assistant that provfdestionality to save and index Web pages, to allow
users to search over their personal repositoryesfed Web pages, to find Web pages related to a
particular page, and to label and view classifaraind annotation information for pages [MB97b].
Vistabar works in conjunction with Netscape aneitnét Explorer by using published APIs to “monitor
and control” the browser [MB97b, p.131]. Vistalagtaches a small button bar at the bottom of thalae
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browser window to give users access to its featuvkstabar features are summarized and discussed
below.

Saving and indexing viewed Web pagééstabar can save and index all the Web pageea
views. Two alternative modes are provided if teeridoes not wish to index all pages. Explicit
mode can be used to save the current page by myeks “Remember” button on the Vistabar
[MB97b, p.132]. Temporal mode can be configuredawee all pages that were viewed for a
minimum length of time [MB97b, p.132].

Searching saved pagesVistabar allows users to search their persdoat ©f saved pages.
Vistabar indexes the stored pages and providey gapabilities. [MB97b, pp.132-133].

Finding related pages/categories A “Similar” button is provided that invokes iaple scheme
that extracts the most common words from the padeuaes them as a search query to AltaVista.
A more advanced technique is used to support ss4{d button that attempts to find related
categories in the Yahoo! hierarchy [MB97b, p.133].

Classification and Annotation Three buttons are provided to support classifina and
annotations [MB97b, p.136]. First, an “Add Comnidnitton allows users to fill out a form with

a comment about the Web page and to specify aagtéy the page. A list of predefined
categories is provided, but users can also createdwn. Second, a “Comments” button can be
used to view comments associated with a page.buitten lights up if the page contains a
comment. Third, an “Auto Bookmark” button is prded that will cause Vistabar to make a guess
at an appropriate category for the current pagedan “the profiles of the categories currently in
the system” [MB97b, p.136].

2.9 Web Annotations

Web annotation tools allow users to make variopsgyof annotations on Web pages. These systems
provide a method for users to make explicit notetiand to flag important information. In additidiney
tend to be well integrated with existing Web bromssand tools. Several commercial products exat th
provide users an ability to highlight text, drawmages, add free-text comments, classify, and \8sale
pages they have viewed. Some of these systenasmaeel at individual users, while others focus nmre
collaborative uses of Web annotations. In thisisecseveral Web annotation systems of intereltosi
described.

Web annotations have been around since at lea8t[hN®S93] [M0s98] [KKP+01] and many different
annotation systems have been built and explorexbe&chers have explored the use of Web annotations
for information retrieval [DVOOQ], queries [GPS9@krsonal information organization [DVO01], and
collaboration [CGGO00]. Two good surveys of Webaation systems are presented in [HLO99] and
[KKP+01]. There is also a good list of links tonatation systems on the CritSuite Web site
(http://crit.org) in the “Related Projects and 3afte” section.

29.1 CritSuite

CritSuite is a set of tools including CritLink thatow users to leave publicly viewable annotatiahsut

any Web site [Yee02a] [Yee02b] [Yee98]. Web pagresviewed through a mediator (the crit.org Web sit
can act as a mediator). The mediator fetches pghgessers request, looks up annotations for #ige jin

its database, combines the annotations with the paguested, makes a few additional modificatiorthe
Web page to facilitate seamless continued useeofriédiator, and returns this combined page todhe u
[Yee98]. An interesting interface feature of Cui® is its use of color markers to surround tast has
been annotated.
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2.9.2 Annotea

Annotea is an open system being developed thrdwghMorld Wide Web Consortium (W3C) to support
both personal and shared Web annotations. Motivagehe semantic Web initiatives [W3C02], Annotea
is part of a goal to build “the infrastructure neddo handle and associate metadata with content”
[KKP+01, p.623]. Annotea uses Web technologietuting RDF (Resource Description Framework),
XPointer, and XLink to represent, access, and dispser annotations to Web pages. Annotea uses a
client-server architecture and incorporates thénaif local and shared annotations. Annotea astho
have been using the W3C Amaya Web browser to expha client side interface to annotations.
Annotations can be associated with an entire pagelected section of a page, or a specific cyrsiot.

A pop-up dialog box allows users to enter texttfa annotation and also to view the annotation’sadea
(such as creation date and time, author, last nealiannotation type, etc.). Amaya displays artiwia

by embedding a small icon of a pencil at the pwirthe document where the author placed the arnontat
Annotations are stored independently from the Wedpep they annotate. Local annotations are noéghar
with other users and are stored locally on the’sibarrd drive. Shared annotations are stored antation
servers and may be accessible by other users., Simed annotations can be used for collaborative
activities. Amaya allows users to specify annotaservers to be checked for annotations and & loca
directory for local annotations. As new Web pagesbrowsed, the browser checks the local direaiory
gueries the annotation servers to request any atioas for the current document (HTTP is used to
retrieve the annotations from annotation servelrs)rder to save time and bandwidth, only the &atimn
metadata is downloaded initially. If the user ap#re annotation, the body of the annotation is
downloaded. Placement of the annotations in thplaly is accomplished through the use of XPointer
information that indicates where in the documeatdhnotation icon should be placed. An XLink p®itat
the annotation itself. In this way, the annotagiocan be stored separately from the documentshéut
display can be aligned to the correct positiona dfocument changes in such a way that the anchanf
annotation is removed (i.e. the XPointer is no Em¢alid), the annotation is considered “an orpheamd
can be repositioned [KKP+01, p.627-628]. Other Vdehotation systems include similar functionaldy t
Annotea although each system has particular diffars.

293 YAWAS

YAWAS (Yet Another Web Annotation System) [DV00]aswWeb annotation tool that uses Level 2 DOM
and Dynamic HTML to highlight annotated text on @Wpage. The corresponding annotations are
displayed in a separate window. Annotations ayeedtlocally in YAWAS and the system includes a
search interface to refind annotations. YAWAS veonkth Microsoft Internet Explorer.

2.9.4 iMarkup

iMarkup is a commercially available system thabwal users to make text annotations as well as dgawi
on and highlighting sections of Web pages [ImadRjarkup offers tools for personal and collaborativ
annotation use. iMarkup works with Microsoft Imet Explorer.

295 Microsoft Web Discussions

Microsoft has developed a tool called Web Discussihat integrates with its Internet Explorer Web
browser to allow groups to annotate Web pages anduct asynchronous collaboration. Researchers at
Microsoft Research have explored algorithms foitfmsng annotations [BBG+01] and have studied use
of the collaborative aspects of Web Discussiors study of its use by a Microsoft product developme
group [CGGO00].

29.6 IBMWBI

“Intermediaries are software programs or agentsrtfganingfully transform information as it flowsm
one computer to another” [MBO0O, p.96]. For exampl&/eb proxy can be configured as a type of Web
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intermediary that caches Web page accesses faua gf users and attempts to speed up future page
requests by servicing them from its local cacheess of re-accessing the pages from a remote server
IBM has developed a powerful set of Web intermediaols called Web Browser Intelligence (“WBI,
pronounced ‘WEB-ee™ [BMK97, p.75]) that have bagsed to create a number of applications that
intercept and modify Web pages (and HTTP requéstisyeen Web servers and the user’'s Web browser
[BMK97] [MB00]. WBI has a number of uses, includiabilities to “observe user actions, proactively
offer assistance, modify Web documents, and perfeewm functions” [BMK97, p.75]. Using WBI, Web
pages can be automatically annotated with additiof@mation. For example, a Web page could be
annotated by a “Dictionary plugin” that “turns andry words on Web pages into hyperlinks that piint
their definitions” [MBO0O, p.101].

2.9.7  Web Annotation Implementation Issues

As pointed out in [KKP+01], there are two basic m@zhes to implementing annotations: proxy-based
and browser-based. Proxy-based implementationarustl TP proxy to integrate the annotations with th
Web page prior to the receipt of the HTML at theviser. An advantage of proxy-based implementations
is that they will work with existing browsers thatpport the use of proxies. Browser-based
implementations handle the integration of the aatharts within the browser and have opportunities fo
greater integration of the annotations into the irgerface of the browser.
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Preliminary Survey — Web Tasks and Frequencies

The main study that is the focus of this dissestatequired participants to complete a set of taskimnd
information on the Web and then, in a separatéseabout a week later, to refind the same or simil
information. One of the factors that | wanted xaraine was how the prior frequency with which asper
had performed a task or similar tasks affected gesrching behaviors. The tasks included in ta@m
study needed to be representative of real-workstdsat people do frequently and infrequently.

In order to guide the development of representdtisks for the main study, | conducted a prelimjinar
study in the form of an on-line survey to find edtat tasks people deequentlyandinfrequentlyon the
Web. This section describes the development, ddiration, and results of the survey.

3.1 Survey Methods

The survey was announced on email lists to gradstatients in two programs at Virginia Tech: Compute
Science and the Human Factors area of Industriginéering. Twenty-nine people responded, mostly
graduate students from the two departments thatwed the email. Participation was voluntary and
participants were not offered monetary compensdtiqrarticipate.

The survey was administered using skievey.vt.edWeb site. This site is a service that allows an
experimenter to design and present a survey as-fin@Web form that respondents can fill-in andrsit.
The service automatically records and tabulatgsoreses. For this survey, the service was confiysce
that only people with a Virginia Tech PID (i.e. oemt faculty, staff, and students) could respond.

The survey asked respondents to list five taskg dioefrequently on the Web and five additional tasiat
they do infrequently on the Web. “Frequently” vegined in the survey as “daily or weekly.”
“Infrequently” was defined as “less often than gdait weekly.” The survey then asked respondents to
recall what steps they take to accomplish six eftésks they listed (three of the frequent taskistiaree of
the infrequent tasks). The complete text of theeyuis presented in Appendix C. The survey was
approved by the Virginia Tech Institutional ReviBward with approval #03-371 on August 11, 2003. A
copy of the IRB approval memo is presented in ApipeR.

3.2 Survey Analysis

Twenty-nine respondents completed the survey. Gtelmts listed an average of 4.28 frequent tadRs (S
=0.80) and 3.17 infrequent tasks (SD = 1.42). @atively, the respondents listed a total of 12ftrent
tasks and 92 infrequent tasks (a total of 216 desicriptions).

In order to understand the types of tasks the redguas listed, each task description was categbiite
one of 15 categories. Rather than using a preveléfset of categories, | created the categorthlistigh a
data-driven process that involved reviewing th& tisscriptions and finding topics that emerged fthen
task descriptions. Table 1 shows the 15 categalte®y with examples of actual task descriptiongfthe
survey. One category, “finding information,” wasther divided into 14 second-level subcategoies t
indicate the type of information that the respondess trying to find. The 14 subcategories arenshim
Table 2. | used these categories and subcatedoréagegorize each of the task descriptions.

29



30 Chapter 3. Preliminary Survey — Web Tasks and Frequencies Robert G. Capra lll

Another member of my research group was recruisegl ‘@oder” to independently categorize each of the
task descriptions using the same set of categofigs.initial agreement on top-level categoriesvieen

the coder’s categorizations and mine was 93% (20bb216 items) Of the 15 task descriptions without
categorization agreement, 6 were attributed to msecoding an item and were fixed. The remaining 9
task descriptions were items that could easilynperpreted as belonging in more than one categeoy.
example, the task description “classifieds”, waegarized as “finding information” by either metbe
coder and “news/blogs/homepages” by the other.the® task descriptions without agreement, | rexbl
which of the two categories to use for the finaegarization.

After resolving the top-level categories, the alitigreement between me and the coder on the séseld
categories for “finding information” was 87% (39tai 45). Four of the six disagreements were bgeau
there were two closely related categories, “compated “programming/technical”. | decided to combi
these categories into “computer/technical”. | heso the two remaining second-level category
disagreements.

" One task description appeared to mention two ta$ke coder submitted two task descriptions fég thsk and thus
submitted 217 categorizations. | reviewed the $t@amd decided that the task description was focoseazhe activity
and removed the additional description from theecod
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Example Task Descriptions Top-Level # of # of # of
from the survey data Category responses| responses | responses
Frequent | Infrequent Total

read news Read news / blogs / 29 5 34
blog viewing homepages
world news
look at personal pages of friends and family
check movie listings Find information 22 23 45
get medical information
job search
research papers Academic research 18 2 20
search for articles
checking email Email 16 1 17
Webmail
googling Search 9 0 9
search
order food Other Web activity 5 6 11
foreign language translation
design Web pages Update Website/blog 5 4 9
post new information to personal Website
play games Leisure / entertainment 5 3 8
read about hobbies
read online comics
make purchases Shopping 4 20 24
ebay
buying online
weather Check weather 4 1 5
check the weather forecast
online banking Banking/accounts/financia| 3 9 12
financial stuff
directions Maps / directions 3 5 8
getting travel directions
downloading software Download software 1 3 4
look for software
chatting Instant messaging 0 4 4
IM
format hard disk Not applicable — not a 0 6 6
edit bookmarks Web task

TOTALS 124 92 216

Table 1. Survey Data Example Task Description, Tojhevel Categories, and Frequency Counts
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Example Task Descriptions Second-Level # of
from the survey data Category responses

Solution to computer related problem computer / technical 7
Read Mac Web sites
Software manuals
Look up movies entertainment 7
Look up stuff to do
Read instructions for other tasks I'm doing other 6
Phone numbers phone / address 4
Look up contact info
Check on VT information Virginia Tech 4
Locate people people 3
Look up words in a dictionary dictionary 2
Job search jobs 2
Search for medical information medical 2
Reading about products that | intend to buy pragluct 2
restaurants restaurant 2
Places to visit travel 2
Sports update sports 1
Read stock information stocks

Table 2. Subcategories of Finding Information

The next step in the analysis was to generate émmyucounts of the tasks along two dimensionswyak)
the task listed as a frequent or an infrequent t@sét 2) the categorization of the task. Thesguizacy
counts are shown numerically in Table 1 and graglyiin Figure 2.

Number of responses
N
[6)]
‘

& Oinfreq
Ofreq

Figure 2. Graph of Frequency Counts for Categorize Survey Task Descriptions
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3.3 Survey Results and Discussion

The frequency counts show that some tasks werepiedntly listed as frequent tasks, while othersawe
predominantly infrequent tasks. Among the frequasks were: reading news/blogs/homepages, finding
information (also listed as an infrequent task aelirey on the type of information), academic researc
email, and search. The infrequent tasks includiemtting information (depending on the type of
information), shopping, and managing on-line act®gnch as banking and financial services.

The tasks reported by the respondents to my soaeyducted in 2003) have many overlaps with recent
data gathered by the Pew Internet and Americangrifgect about what tasks Internet users have ever
performed [Pew05b] and what tasks Internet usemnda typical day [Pew05a].

The survey method used in my study did not promsptaiwith task descriptions. Instead, it askedsuse
recall both frequent and infrequent tasks theyqueréd on the Web. There are both benefits and
drawbacks to this approach. Respondents werémited in their choices of tasks, but were limited
providing up to five tasks for each area of intereBequent and infrequent tasks. The free-respon
nature of the questions may elicit a broader rarigasks than rating to a fixed set of tasks. Hewefree
response relies on the respondent’s memory andhtlagyforget important tasks. In addition, the sask
listed may be biased toward tasks that they eesilgll. Thus, the infrequent tasks may be ondsattea
infrequent, but memorable. Infrequent tasks therewot recalled would not be listed, even if they
important. The fact that most of the tasks gatth@nehe survey overlap with tasks in the Pew imt¢and
American Life studies [Pew05a] [Pew05b] providesdjconfirmation that these tasks are representative
and are tasks that are of interest for finding refithding research.

The tasks and data gathered from the survey wesk toshelp inform the design of a set of 18 taekset
used in the main study of finding and refindinggemeted in this dissertation. Table 3 shows hoviahks
included in the study relate to the tasks iderdifig the survey. Not all the tasks identifiedhe survey
could be included in the main study, but theredigdycoverage, especially in tasks to find inforomati
Descriptions of the 18 tasks are presented in Apipen.
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Category / Subcategory Task Created Task #
for use in main study in main
study
Read news / blogs / homepages News — read a nerysabiout world news 2
Find information
Dictionary Dictionary — look up meaning of a word 1
Phone / address Phone — local art supply store 3
Travel Travel — flight reservation 5
Other Other — Rubik’s cube solution 6
Travel, Entertainment Travel — tourist attractions in San Francisco 7
Phone / address Phone — local grocery store 8
Sports Sports — NFL football score 10
Entertainment Entertainment — movie showtimes 11
Stocks Stocks — current price of Microsoft stock 12
Other Other — instruction manual for VCR 15
People, Academic People — Web site of Dr. Stasko at Georgia Tech| 13
VT VT — last day of classes 17
computer / technical n/i
jobs n/i
medical n/i
products n/i
restaurant n/i
Academic research n/i
Email n/i
Search n/i
Other Web activity n/i
Update Website/blog n/i
Leisure / entertainment n/i
Shopping Shopping — women'’s sweatshirts for a gift 4
Webpage — go to the Wal-Mart Web site 9
Check weather Weather — hi and low in Madrid, Spain 14
Weather — hi and low in Blacksburg, VA 16
Banking/accounts/financial n/i
Maps / directions Map — directions / distance betwivo locations 18
Download software n/i
Instant messaging n/i
Not applicable — not a Web task n/i

* n/i indicates that a survey task was not inclugethe main study

Table 3. Coverage of the survey tasks in the mastudy
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Method

This section describes the main study of this digen — a controlled, laboratory study of how plkeo
find and refind information. This study had twgeximental sessions, scheduled about a week ajpart.
the first session, participants were given a sd8afasks that involved finding information on theb. In
the second session, participants were given af 4& counterpart tasks, most of which involvednéiing
information that had been found in the first sessio

4.1 Participants

Participants in this study were all undergradutidents at Virginia Tech. Recruitment was condiicte
widely across campus to insure a variety of baakgds and majors. A total of 21 people participabed
only 17 completed both sessions with usable dataotindays. The results presented here are based o
these 17 participants. Participants were offerpdyament of twenty dollars for their participatiomhis
study was approved by the Virginia Tech InstituibReview Board with approval #03-539 on November
12, 2003. A copy of the IRB approval memo is pnésé in Appendix F.

4.2 Materials and Equipment

This section describes the materials and equiposad to conduct the study.

4.2.1 Location, Equipment and Data Collection

The study was conducted in the Virginia Tech Deparit of Computer Science Usability Evaluation Lab
in McBryde 102. Participants completed the mairt phthe study in a participant room (McBryde 102A
that was separated from the experimenter contahrgMcBryde 102B) by a one-way mirror. Particigant
used a personal computer running Windows 2000 aiedolbft Internet Explorer to complete the tasks.
The experimenter was able to observe participantiey worked on the tasks through the one-wayomirr
The lights in the control room were kept dim sa tha participant could not see into the contr@mo

Remote desktop monitoring and control software (R&&€, www.realvnc.com) was installed on both the
computer in the participant room and on the compintéhe control room. This software sent a dugikc
screen image of the participant computer to therobroom computer so that the experimenter could
observe in real-time the actions of the participarhte VNC software also allowed the experimerder t
remotely control the computer in the participardno This feature was very useful in situations netee
participant accidentally clicked the “next” button the data collection program — the experimeruetc
take control of the participant computer whilel sitting in the control room and get the prograackto
the correct task.

The rooms were also equipped with recording delgoéisvare and an intercom Screen and audio
recording software (Camtasia, www.techsmith.comg imatalled on the participant computer. This
software created a movie file (.avi) that was arding of the screen as the participant workedhen t
tasks. A microphone was placed on the participaot desk and its output was connected to the iscree
recording system so that any verbal comments liegparticipant made would be captured along wigh th
screen recording. Output from this microphone alas connected to speakers in the control roorhaip t

35
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the experimenter could always hear the participatit no need for the participant to press any mstoA
press-to-talk intercom system was configured witlisun both rooms. The unit in the participandmo
was located in the back left corner of the desk ¢bthe way) and used mainly as a speaker sdhbat
participant could hear communications from the expenter. The experimenter used the push-to-talk
button on the unit in the control room to enablmoainication to the participant. Using this confafion,
the experimenter could always hear the particif@anbugh the sound recording microphone), but the
participant could only hear the experimenter whenimntercom was used.

In addition to the screen and audio recording soféywa commercial logging program (Spector,
www.spectorsoft.com) was installed on the computéine participant room. This program logged URLs
that were requested and keystrokes that were typed.

A custom data collection program was written inddkBasic to run as a stand-alone program thatdvoul
present the set of 18 tasks to the participantsig@ach experimental session and collect data them
participant about each task. Screen shots frorpribgram are shown in Figure 3 and Figure 4 (a more
extensive set of screen shots of the VB prograpndsented in Appendix D).

Using the URL log, the data from the VB progranyl #me screen recordings, the following measureg wer
recorded and calculated for each task: task cdiopléme, number of URLs loaded, the number ofuse
of Web search engine results, the ratio of seangine uses to the total number of pages loaded, and
information gathered from the participant aboutrtegperience with each task (more details onithis
section 4.4.4).

4.2.2 Demographic Questionnaire

During the first session, each participant completelemographic survey. This survey was admirdter
using an on-line survey tool callsdrvey.vt.edthat displays survey questions as a Web pageifoem
Web browser. Most participants completed the sunging the computer in the participant room.
However, due to time constraints, one or two pigadicts completed the survey using a different cdsmpu
in the McByrde 102 main lab area while they walidanother participant to finish in the participan
room.

4.2.3 GEFT and Cube comparisons

On each day, prior to starting the 18 tasks, gpgits were given a written test to measure cogniti
aspects of interest. During the first sessiontiggpants were given the Group Embedded Figures Tes
(GEFT) [WOR+71] to measure field dependence/inddpaoe. During the second session, participants
were given the Cube Comparisons test (S2) fronKihef Factor Referenced Cognitive Tests [EFH+76]
to measure spatial orientation. The results dhests are not included in the analysis presemtiis
dissertation.

4.3 Procedure

Participants completed two experimental sessiagduled about a week apart. Each session isilkedcr
in more detail below.

4.3.1 Session 1

Participants were greeted by the experimenter amh@n informed consent form to read and signe Th
experimenter then explained and administered tloeiiGEmbedded Figures Test. Following this, the
participant was seated at a computer and askeahtplete the on-line demographic questionnaire erAft
completing the questionnaire, the experimentetesiahe Visual Basic program that presented the
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participant with the 18 tasks to find informatiom the Web. For each participant, the tasks wezsgnted
in a random order.

Participants were given approximately 45 minutesdok on the 18 tasks at their own pace. Howefer,
participant got stuck on a particular task, theegipenter might suggest to them that they coulé giy on
the task and move on to the next one. When trsiogewas completed, the experimenter thanked the
participant for their time and reminded them of dag¢e and time of their second session.

4.3.2 Session 2

The experimenter greeted the participant and thptamed and administered the Cube Comparisons (S2)
test from the Kit of Factor Referenced CognitivestB§EFH+76]. Then, the participant was seatetieat
same computer that they were at in the first sassima were given another set of 18 tasks that veebl
locating information on the Internet using a Webvser. Some of the tasks in the second sessian wer
exactly the same as the session one tasks, whitesodliffered slightly. The experimenter agaimteththe
Visual Basic program to present the 18 tasks tg#rdcipant. For each participant, the tasks tihey had
completed in session 1 were presented in a neworamider and were then followed by the remaining
tasks (the ones they had not completed in ses$jgrdsented in the same random order that was
generated for session 1.

Participants were given approximately 45 minutesdok on the 18 tasks at their own pace. Howefer,
participant got stuck on a particular task, theegipenter might suggest to them that they coulé giy on
the task and move on to the next one. When theosesias completed, the experimenter thanked the
participant, paid them for their time, and had treégm a paper acknowledging receipt of their paythen

8 One participant was not offered payment untilrafiey had finished and left the experiment. Tiveye contacted
by email and offered payment, but never collected i
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4.3.3 Tasks

In each session, a series of 18 tasks were prestntee participants through a custom-designedalis
Basic (VB) program. For each of the 18 tasks MBeprogram presented the following sequence ofethre
screens: before-task questions, task informatidieation, and after-task questions. Each of tligse
described in more detail below. Note that the tiesscription shown in these images is a sampletkadk
was not used in the actual study.

= Before task questionsThe VB program displayed a brief descriptioritef current task along
with a set of questions to measure aspects ofattecipant’s prior experience with this or
similar tasks. Figure 3 shows an example of areetiask questions screen.

L=
Task 1

Read the tazk below, and before you start working on &, answer the follawing questions.

Task Description

Go to & web page where you can login to read your email
[if pou know of one]

1. How often do you da this bype of tazk using the Intermet in your day-to-day life’?

[ [ i e o o o e
Morethan Onceper  Seweral Onceper Several  Onceper Lessoften  Mewer
once per day times per week times per month  than once

day week month per manth

2. How difficult do pou think this task will be?

e e e e e i e
Wery Dificult Somewhat Average  Somewhat Easy Wery easy
difficult difficult eagy

3. How well do pou know how to get ta the information?

e 8 & e i e &
1 2 3 4 5 [ 7
| Don't ko | Kniow exactiy
where it iz where it is

4. |s thiz task focuzed on finding a specific piece of information, or on
brawszing around to find something of interest?

e 8 e i
1 2 3 4
Finding specific Browsing for
information something of interest

5. Speaking outloud, briefly describe the shategqy wou plan to use to get to the infarmation.

Figure 3. Example of a Before-Task Questions Scree

= Task information collectianEach task consisted of a task description aset af target
information to be found on the Web. For examplee task description was to “Find
tomorrow’s hi and lo temperature for Blacksburgtidhe target information was the high and
low temperature. The VB program displayed a scraéinthe task description and a set of
text entry fields (or radio boxes depending ont#sk) for the participant to enter the
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information requested by the task. A completedfghe task descriptions and the
information requested for each task is presentéppendix E.

= After task questionsAfter the participant completed the task andkeld on “next”, the VB

program displayed a set of after-task questiomsdoire about aspects of the participant’s
experience with the task. Figure 4 shows an exawiphn after-task questions screen.

=k
Task 1

B How likely are you to need to get back tothis type of information in the: future?

8 8 8 8 8 8 8
Wery likely Likely Somewhat  Awerage  Somewhat Unlikely Werny
lik.ely unlikely unlikely

7. How impartant is thiz type of infarmation ta you?

e [ e e (o e .
ey Important Somewhat Average Somewhat  Unimportant Wemy
important imparkant unimportant unimportant

8. How difficult was this task™?

8 8 8 8 8 8 8
Wery Dhifficult Somewhat  Awerage  Somewhat Easy Wery easy
difficult difficult eazy

9. Speaking outlouwd, describe why the task was easy or difficult?

10. Speakingout loud, describe what (if anything) would have helped vou find
the information faster or more easily?

Figure 4. Example of an After-Task Questions Scree

For each task, the participant was to answer tfardéask questions, then search for the informatio
requested by the task, and then answer the afeqgteestions.
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4.4 Experimental Design

This section describes the experimental desigthfamain study of finding and refinding. Descripi$ of
the overall design and each of the dependent atgpendent variables are given. At the end of the
section, specific experimental hypotheses are pteddor each of the research questions introduced
section 1.3.

The main study design is a 2x18 within-subjectsgiewith factors Session (1, 2) and Task (1..168Y a
Participant as a repeated measure. All participaate given the same set of tasks. Tasks werereith
exactly the same or similar from session 1 to ses3j with the exception of two tasks that werencfeal

in session 2 (more information is given on thetrefeship of tasks between session 1 and session 2 i
section 4.4.2.5). The same measurements abotaske were made in session 1 and session 2. Agrumb
of dependent measures were collected, some of whéch used to group tasks in additional analysss (s
section 4.4.4).

44.1 Complexities in the Study

Studying differences between finding and refindiag be difficult to study, especially in a laborgto
environment. For example, a finding task for oaetipipant may be a refinding task for another. A
primary issue is how to define what constitutesdifierence between a finding task and a refindask.
In this dissertation, | operationalize the findireysus refinding task distinction in two ways: bhsed on
Session, and 2) based on Task Frequency. Eablesd ts described below.

In this study, one operationalization of the firgliefinding distinction is based on Session aniésein
the study design that 16 of the 18 tasks givehénsecond session were similar to or subsets ke tigen
in the first session. For all the participants wlompleted a task during the first session, thentmpart
task in the second session would be a refindirg tafius, Session acts as a gross measure of wteethe
task is a finding task (session 1) or a refindemkt(session 2). This measure has the advantapi itha
factor that was controlled in the study designe T@ontrolled Factors Analysis” in section 5.2 coess
finding and refinding using this measure.

However, using session to distinguish finding agfthding tasks does not fully account for particifsa
prior experience doing tasks on the Web. For exanmpany people check the local weather on the Web
every day, so this task would not be a finding faskhem, even in session 1. In the before-tasstons,
participants were asked to rate their prior freqyesith each task. This self-reported measureriof p
frequency is the basis of the second method ustdsimlissertation to distinguish finding and refimg
tasks. Tasks with high prior frequency can be iclamed refinding tasks and tasks with very low or n
prior frequency can be considered finding taskkis lustrates the concept that finding and refigdie

on a continuum based on frequency. The “Prior feaqy Analysis” presented in section 5.3 considers
finding and refinding as distinguished by priorquency. Tasks are divided into groups based dm hig
medium, and low levels of prior frequency (frequenteasured before doing the task in session 1) and
differences are examined between these three grgsipi

The classification using prior frequency is mogtvant for the tasks completed in session 1 bechaise
based on the participangsior frequency of doing the task, before participatimthe study. In session 2,
the participant has already done the tasks oncéasthe benefit of that experience, so their prior
frequency may have less of an impact. For thisaeathe “Prior Frequency Analysis” in section 5.3
contains two analyses — one analysis that consitigesfrom both session 1 and session 2 basedam pr
frequency, and a second analysis that consideasomidy from session 1 based on prior frequency (see
section 5.3.4).
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4.4.2 Independent variables

There were two main independent variables in theyst Session and Task. In addition, analyses were
conduced by grouping tasks basedask frequencytask familiarity andtask similarity The independent
variables and the groupings are described in metaidelow.

4421 Session

Session is the experimental session in which thee \dare collected — either the first session (sess), or
the second session (session 2) which was schedbtad a week after the first session. A total©f 1
participants completed tasks with usable data th bessions.

4422 Task

Participants were presented with 18 tasks in besksiens. Task development was informed by theegurv
of frequent and infrequent tasks that is reporteéhaChapter 3. All but two of the tasks presentethe
second session concerned refinding informationtedlto information requested in the tasks for thet f
session. Two tasks were changed from the firsice$o the second session — these changed taskstar
considered in the analyses presented here. A etenidting of the 18 tasks used in session 1 assicn

2 is presented in Figure 5 and in more detail ipéuix E.

4.4.2.3 Task frequency

Task frequency data was gathered by a before-tzesstign for each task that asked participants, “How
often do you do this type of task using the Inteme/our day-to-day life?” Responses availableeve
more than once per day, once per day, several peaeek, once per week, several times per month,
once per month, less often than once per monthnewer.

When this variable was used to group tasks, thepings were:

» High = once per week or more
* Medium = less than high but at least once per month
* Low = less often than once per month, or never

4.4.2.4  Task familiarity

Task familiarity data was gathered by a before-tasistion for each task that asked participantewH
well do you know how to get to the information?’hélresponse scale was a 7-point, equally spaced,
Likert-type scale, with anchors, “I Don’t know wieeit is” = 1, and “I Know exactly where it is” = 7.

When this variable was used to group tasks, thepings were:
e High=7o0r6

e Medium=5,4,3
e lLow=2o0r1
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Figure 5. Tasks for Session 1 and Session 2
Task Session 1 Similarity Session 2
Num

1 Dictionary | Look up the meaning of the word, Path Look up the meaning of the word,
salubrious frugivorous

2 ReadNews| Find and READ news story about world| Moved Find the news story that you read Igst
news week about world news.

3 Phone Find the phone number for the Mish Mish Exact Find the phone number for the Mist
art supply store in downtown Blacksburg Mish art supply store in downtown

Blacksburg

4 Shopping Look for prices on Women's Sweatshirts| Subset Find one of the Women's Sweatshirts
Find two possibilities that you might buy that you looked at during the sessiop
for a gift to a friend or relative. Please loo last week.
at at least three different sweatshirts from
three different places to buy.

5 Travel Find a flight from Roanoke, VA on Dec. 1 Path Find a flight from Roanoke, VA on
to Chicago, IL and return on Dec. 4 Dec. 14 to Chicago, IL and return o

Dec. 19

6 Research Find instructions about how to solve the Exact Find instructions about how to solve
Rubik's cube. the Rubik's cube.

7 Travel Imagine that you are planning a trip ta Sa Subset Find one of the tourist attractions ar
Francisco, California. Find two tourist events for San Francisco, California
attractions or events that you might be that you looked at during the sessiop
interested in. Please look at at least four last week.
different atrractions or events.

8 Phone Find the phone number for the Kroger | Path Find the phone number for the
grocery store in Blacksburg near the Math Kroger grocery store in Blacksburg
Emporium on South Main Street near El

Guadalupe

9 Homepagel Go to the Wal-Mart Web site Different  t&the Web site for Dr. David
Patterson at the University of
California at Berkeley

10 Sports Find the score from the most recent fdlan Exact Find the score from the most recen
Falcon's NFL football game. Atlanta Falcon's NFL football game.

11 Movies Find a movie that you are interested in | Exact Find a movie that you are interested
seeing. Find a list of the starting times fo in seeing. Find a list of the starting
the movie for today. times for the movie for today.

12 Stocks Find the current price for Microsoft &toc | Exact Find the current price for Microsoft

stock.

13 Homepage Go to the Web site of Dr. Stasko atdgieo Exact Go to the Web site of Dr. Stasko at
Tech Georgia Tech

14 Weather Find tomorrow's hi and low temperataore [f Different Go to the Web site for The Record
Madrid, Spain Exchange music store on Main Stregt

in Blacksburg

15 Research Find an instruction manual for a Pamaso Exact Find an instruction manual for a
AG-1340 Video Cassette Recorder (VCR Panasonic AG-1340 Video Cassettd

Recorder (VCR)

16 Weather Find tomorrow's hi and lo temperature fg Exact Find tomorrow's hi and lo
Blacksburg temperature for Blacksburg

17 Academic | Find out what the last day of classéeri Path Find out when Spring Break is for the
the Spring 2004 semester Spring 2004 semester

18 Map Find out how to get from the Blacksburg | Exact Find out how to get from the

Municipal Golf Course to the Macados on

University Blvd.

Blacksburg Municipal Golf Course to
the Macados on University Blvd.
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4.4.25 Task similarity

Task similarity is the similarity of a task frometfiirst session to the second session. Four typesk
similarity are considered in this study: exacthpaubset, and moved. Each of these is deschibledv
and an example is given. There is more discussidask similarity and related concepts in secidhl1.2
of this dissertation.

Exact (E) — exactly the same task on both days
e.g.. Session 1l: Find the phone number for trehNMish art supply store.
Session 2:  Find the phone number for the MisshMirt supply store.

Path (P) — the session 2 task information wasiersame path as the session 1 information
e.g.: Session 1: Find the phone number for tteg&ir grocery osouth Main St.
Session 2:  Find the phone number for the Krggecery onUniversity Blvd.

Subset (S) — the day two task information washsatof the information found on day one
e.g.. Session 1l: Find two sweatshirts that yaghirtbuy as a gift for a friend.
Session 2:  Findneof the sweatshirts that you found during the seskist week.

Moved (M) — the day two task was the same as day lout the information moved
e.g.. Session 1l: Find and READ a news story alvoutl news.
Session 2:  Find the news stdinat you read last weekbout world news

4.43 Dependent variables — calculated/measured

Data for a number of dependent variables were datband calculated from the log files and screen
recordings for each participant performing eack tagach session. These are described in thenfioiy
sections.

4.4.3.1 Task completion time

Task completion time was measured as the time fwban the participant initiated the task by clicking
“next” in the data collection program at the endtef before-task questions until they clicked “fi¢atgo

to the after-task questions. Task start and enestifor each task were coded manually by one of two
coders based on watching the screen recording sovi@as one of the coders and the other codelawas
trained HCI expert. Adjustments to the task cortiptetimes were made in cases where there was an
interruption or delay. For example, in severaksas participant accidentally clicked the “Nextition on
the Visual Basic data collection program and theeeinenter had to reset the program to the coplace.
In these cases, the time taken by the experiménmtesset the program was subtracted from the task
completion time for that task.

4.4.3.2 Number of URLs

A data-logging program (Spector) generated a llegofi URLSs that were loaded/requested as the
participants browsed Web pages. These log files weed to generate a count of URLSs loaded for each
task for each participant.

The program that logged the URLs added a new eneyy time a page was requested. This meant that
when a participant clicked the “Back” button on thieb browser, the page they went back to would be
recorded in the log a second time. For exampke piirticipant started at www.vt.edu, clicked & lio go

to www.vt.edu/students and then clicked the “Bagidtton on their browser, then the URL logging
program would record the following sequence:
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www.vt.edu
www.vt.edu/students
www.vt.edu

It was decided that counting each re-accessegtedfrch engine results pages was appropriathigor t
study because the participants were potentiallrrigig back to the search results as part of fireing or
refinding process.

Two issues should be noted about the data loggehebypgging program:

* The logging program recorded all URL requests uditlg pop-up and pop-under advertisements.
For the analyses presented here, no attempt was todidter these from the log files.

* The logging program would occasionally miss reaogdiertain URLs. For example, the log files
are often missing entries for the main page obyghlages.com even though participants visited
this URL. These errors seem to be inherent inabging program and are believed to have
affected only a few URLs and are also believedaeethad little effect on the results.

4433 Number of Searches

The number of uses of Web search engines was @buiiiteis was done using a custom written Perl scrip
that scanned the URLs in the log file for each tabke script counted a URL as search engine sepalje
if it contained any of the following strings:

search.yahoo.com
altavista.com/Web/results
google.com.results
search.msn.com

At the time of the study, these strings identifiedult pages returned from major Web search engjias
participants were observed using in the study.

4.4.3.4 Search Ratio

Since the tasks were of different lengths, | depetba search ratio measure to represent the Welnf
search engines results normalized based on tHentotdber of URLS. In this study, the meassearch
ratio, is defined (and computed) to be the total numibeearches divided by the total number of URLs
loaded for the task.

4.4.4  Dependent variables — response

Data for a number of dependent variables was gadheom the VB program for each participant
performing each task in each session. These arided in the following sections.

4.4.4.1 Task Frequency

Task frequency data was gathered by a before-tzesstign for each task that asked participants, “How
often do you do this type of task using the Intemeour day-to-day life?” Responses availableeve
more than once per day, once per day, several pereseek, once per week, several times per month,
once per month, less often than once per monthnawer.

Important Note: In the analyses presented in Chapter 5, wheth as@ dependent variable, task
frequency is often treated as interval data ori@8lscale although it was measured on an ordozdés
This limits the comparisons and conclusions thathxa drawn about the data.
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4.4.4.2  Task Familiarity

Task familiarity data was gathered by a before-tasistion for each task that asked participantew/H
well do you know how to get to the information?’hélresponse scale was a 7-point, equally spaced,
Likert-type scale, with anchors, “| Don’t know wigeit is” = 1, and “I Know exactly where it is” = 7.

4.4.4.3 Perceived task difficulty — before andratisk

Perceived before task difficulty data was gathdrngtefore- and after-task questions for each tiask t
asked participants, “How difficult do you think shiask will be?” (before task), and “How difficuias this
task?” (after task). For both questions, the raspascale was a 7-point, equally spaced, Likee-sgale,
with anchors: very difficult (1), difficult (2), soewhat difficult (3), average (4), somewhat eagy asy
(6), and very easy (7). Note that the numericgaesent is from difficult (1) to easy (7), so thagher
values indicate easier ratings.

4.5 Hypotheses

In this section, specific hypotheses for each mesequestion are described.

45.1 RQ1 - Differences between finding and refindg

RQ1 — Do finding and refinding differ? Specificaly, are there measurable differences between
finding and refinding in terms of user knowledge/familiarity, perceived difficulty, search engine use,
and task length?

This research question is examined using two wagefining finding and refinding tasks. In thestir
method, session 1 tasks are considered finding tasé session 2 tasks are considered refinding.task
Hypothesis 1 (see below) is focused on the firghow In the second method, prior frequency withsk
is considered as a measure of where a task liascontinuum from finding to refinding. Tasks areided
into groups of high, medium, and low prior frequgbased on participants’ responses in sessiortHeto
before-task question about prior frequency withtdsk. Hypothesis 2 is focused on the second rdetho

Hypothesis 1 — Finding and Refinding have diffeesne@hen defined by Session

There will be a significant effect of Session wkteompletion time, number of URLS, number of
searches, search ratio, familiarity, before-tasKidulty, and after-task difficulty, but not on
frequency. Specifically, task completion time, benof URLS, search ratio, before-task
difficulty, and after-task difficulty will all beolver/easier for Session 2 than for Session 1.
Familiarity will be higher for Session 2 than foes3ion 1.

Analysis: Analysis 1 — Controlled Factors An@ySection 5.2, page 54)
Results: RQ1 (Section 6.1, page 113)

Hypothesis 2 — Finding and Refinding have diffeemsnwhen defined by Task Frequency

There will be a significant effect of task frequeoa task completion time, number of URLS,
number of searches, search ratio, familiarity, beftask difficulty, and after-task difficulty fane
Session 1 and Session 2 tasks. Specificallyctaslpletion time, number of URLS, number of
searches, search ratio, before-task difficulty, afteér-task difficulty will all be lower/easier for
tasks with a high level of frequency than for taskk a low frequency. Familiarity will be higher
for high frequency tasks than for low frequencksas

Analysis: Analysis 2 — Prior Frequency Analy$ection 5.3, page 71)
Results: RQ1 (Section 6.1, page 113)
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45.2 RQ2 - Task Differences

RQ2 — Do task and familiarity with a task affect fnding and refinding? What types of tasks are easy
and which are difficult? Specifically, how do taskand task familiarity (knowledge of how to perform
the task) affect user knowledge/familiarity, perceied difficulty, search engine use, and task length?

This research question examines the effect ofdagktask familiarity on finding and refinding.
Hypotheses 3 and 4 address this research question.

Hypothesis 3 — Task has a large effect on findimgdj r@finding

There will be a significant effect of Task on tlepehdent measures task completion time, number
of URLs, number of searches, search ratio, fanmijfafrequency, before-task difficulty, and after-
task difficulty for the Session 1 and Session RBsta®ost-hoc tests will indicate the effects on a
per task basis.

Analysis:  Analysis 1 — Controlled Factors Analy&&ction 5.2, page 54)
Analysis 6 — Subset and Moved Tasks Analysis (6edi6, page 100)
Results: RQ2 (Section 6.2, page 117)

Hypothesis 4 — Task familiarity affects finding aefinding

There will be a significant effect of prior taskféiarity on the dependent measures task
completion time, number of URLs, number of searcessch ratio, frequency, before-task
difficulty, and after-task difficulty for the Semsil and Session 2 tasks. Specifically, task
completion time, number of URLs, number of searcessch ratio, before-task difficulty, and
after-task difficulty will all be lower/easier faasks with a high level of prior familiarity than
tasks with low familiarity. Frequency will be higihfor high prior familiarity tasks than for low
prior familiarity tasks.

Analysis: Analysis 3 — Prior Familiarity AnalgsiSection 5.4, page 83)
Results: RQ2 (Section 6.2, page 117)

45.3 RQ3 - Finding to Refinding Relationship

RQ3 — How does the relationship of the refinding tsk to the finding task affect the refinding
process? Specifically, does it affect user knowledfamiliarity, perceived difficulty, search engine
use, and task length?

This research question explores the effect of ithéagity of the task from finding to refinding.nlthis

study, four relationships between finding and ifig tasks are examined: &jact— tasks are exactly the
same in both sessions, [Zth— the refinding task involves looking for inforriaat on the same path as the
information that was first found, 3ubset- the refinding task involves looking for a subskinformation
found, and 4)noved- the refinding task involves looking for inforrmat that has moved since it was
found. Hypothesis 5 addresses this research quoesti
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Hypothesis 5 — Task similarity affects refinding

There will be a significant effect of task simitgron the dependent measures task completion
time, number of URLSs, number of searches, seartih, faequency, before-task difficulty, and
after-task difficulty on the Session 2 (refinditepks. Specifically, task completion time, number
of URLs, number of searches, search ratio, befasi-tifficulty, and after-task difficulty will all
be higher for moved and subset tasks than for exgghath tasks. No difference will be observed
for any of the dependent measures between the andqiath tasks. In other words: Refinding
will be easier if the relationship of the findingdrefinding tasks are “exactly the same” or “on
the same path”. Refinding will be more difficidlthe relationship is “subset” or “moved”.

Analysis: Analysis 5 — Task Similarity AnalygSection 5.5, page 93)
Results: RQ3 (Section 6.3, page 120)

45.4 RQ4 - Task Details and Strategies

RQ4 — What strategies are used in finding and refinichg? Are there observable patterns of strategy
use across types of tasks or from finding to refindg for a single task?

This research question is addressed through abtathksk analysis of each task to explore if theee a
common patterns and strategies used.

Analysis: Analysis 8 — Task-by-Task Analysis¢en 5.7, page 101)
Results: RQ4 (Section 6.4, page 122)
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Chapter 5

Results

This chapter presents the results of analysespefbon the data collected in the main study diesdrin
Chapter 4.

Of the 18 tasks in the study in the main analysely, 12 are typically included. Some of the tasgsld
not be fairly compared across sessions for matlyeoflependent variables.

»  Two tasks were completely different from sessidn &ession 2 and are not included in the
statistical analyses.

* The two subset tasks required participants totivalitems in session 1, but to refind only one
item in session 2. Thus, comparing task compldiiae for the subset tasks across the two
sessions is not useful in a statistical sense.

» The one moved task was only successfully compleyeslvo participants in session 2 and is not
included in any of the statistical analyses. ttdssidered separately in the analysis of the subse
and moved tasks in section 5.6.

» One of the exact tasks, task 15 (locating a spe¢iiR manual) was verified as successfully
completed in session 1 by only five participarisie to the low successful completion rate in
session 1 it is not included in the statisticallygses.

The remaining 12 tasks are all the exact and pattstexcept for task 15 as noted above. Thisset i
referred to in this dissertation as EP-15 (exadtath tasks minus task 15) and is the primarpfsitsks
that are used in most of the statistical analysasitvolve comparisons across sessions. Of thiEE$et,
eight are exact tasks and four are path tasks.EPh&5 tasks all asked participants to find anthdethe
same or similar information in both sessions. BEBSs a related set that includes EP-15 and the two
subset tasks. This group is used in the analysask similarity. In addition to the EP-15 labeften the
labels S1, S2, and S12 will be used to indicateahanalysis includes only session 1 data (S1y, on
session 2 data (S2), or both session 1 and se&slata (S12).

5.1 Data Characteristics

There are several properties and characteristitteeafiata that are important. Four specific cheréstics
are described in this section: data exclusionsimiscells, data logging issues, distribution & ttata, and
analysis methods.

511 Data Exclusion and Inclusion Criteria

A total of 21 people participated in the study, bnly 17 completed both sessions with usable dataoth
days. The partial data from the other 4 participavas excluded from the analysis.

In all the statistical analyses reported on in thiapter, the data were filtered to only includeksathat
were completed and that had usable data. Threegritgéria had to be met in order for a task to be
included in the statistical analyses: 1) it hatidwe beemttemptedy the participant, 2) it had to have
beencompletedhs evidenced by the participant having responddidet Visual Basic (VB) data collection
program questions about the task, 3) the partitipad to haveesponded to the before-task questions
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presented by the VB data collection program beftaeting the task, and 4)n@anual reviewof the screen
recording movie had to have not revealed any probiith the task. In addition, in order for a s@s®
task to be included in the analysis, all four @& thiteria for the session 1 counterpart task bathtve been
met. Based on these criteria, out of 306 possitéd tasks in session 1 (18 tasks x 17 particgpar206
total tasks), 284 were attempted and 264 weredieclun the analyses. In session 2, out of the 306
possible tasks, 294 were attempted and 229 welgdiexdt in the analyses.

An overriding principle in deciding whether or riotinclude a participant’s task in the statistizahlysis
was not to impose a judgment about whether they/ttgotask right”, but rather to assess the questitid
the participant think that they had completed #sk®?” The following sections describe in detad three
criteria that had to be met to include a task eahalyses.

5.1.1.1 Attempted

Tasks were deemed to have been attempted if thieipant reached the after-task questions for tésit in
the VB data collection program. In order to rettehafter-task questions, the participant wouldehtzad
to have clicked “Next” twice — once to get past liedore-task questions and once to get past thetiqoe
that requested the task information.

5.1.1.2 Completed

A task was decided to have been completed if thicfant provided responses to the questions ptede
by the VB data collection program about the taskkeeping with the principle of counting a taskhé
participant thought they had completed it, in maages, specific responses to the questions were not
manually checked for accuracy, but rather, thetifiplds were checked using a Perl script to séleeif
participant had provided any response. The presehan answer was typically taken as enough egi&len
of completion to include the task in the analys@sie reason behind this methodology was that if a
participant thought they had completed the tasdn they had — people often find “incorrect” infortina
when searching. This study was primarily focusedtodying the processes of finding and refindifgr
the subset tasks, it was important to establistaticeracy of performance on the refinding taskriteoto
decide whether to include the task. For the suilasés, accuracy was an important aspect of making
comparisons to other tasks and making assessnfahts finding to refinding process. The subsekdas
were checked to see if the participant actualliorexd one of the items that was found during thet fi
session — the task would not be a refinding takkratise.

The VB data collection program asked participants ain types of questions regarding the taskge$)
or no questions, and 2) fill-in-the-blank text bes) to request specific information. Details abeath
type of task response are given below.

Yes or NG- several tasks asked participants to respondysiogpindicating “yes” or “no” to whether the
requested information had been found. For exantipdetask to refind the news article asked padicip
“Did you find it?” and presented radio buttons éoyes or no response. These tasks were includée in
statistical analyses if the participant respondes™ and were not included if the participant rexpexd
“no”.

Input text box(esy these tasks requested that participant fileit boxes with information found about the
task. For example, the task to find the local Weatequested that participants type in the highlaw
temperature for the next day based on the for¢lcagtfound. These tasks were included in thessiei
analyses if all the required text boxes had soxigpiesent. Otherwise, the task was not included.

5.1.1.3 Before-task questions

The participant had to have completed the befak-g@estions and to have done so before actually
starting the task. In a handful of cases, a taskth be excluded because it was noticed in thaiatan
review of the screen-recording movie that the pgudint started the task before they completed atirsgve
the before-task questions. There was nothingdrdtta collection program to prevent this — it eyest
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completely independently from the Web browser. sk description had to be displayed along wiéh th
before-task questions so that the participant cprddide accurate answers about the task. As such,
occasionally participants would read the task deson at the top of the before-task questionsestrnd
start doing the task before answering the questitmshese cases, the task had to be excludedibethae
answers provided for the before-task questions @voat be valid.

5114 Manual Review

While coding the start and end times for the tatflescoders noted any out of the ordinary evers th
would require the data for a task to be exclud&dhandful of tasks were excluded based on thesesnot
Many of the tasks excluded because of the manuweavere instances where the participant started
attempting the task before answering the beforedasstions.

5.1.2  Missing cells

Because of the data inclusion and exclusion caitenid because some participants did not attemitteall
tasks due to time constraints (participants wevergabout 45 minutes to work on the 18 tasks at tven
pace), the data set has missing cells. This mbah the statistical analysis when the variables
Participant and Task are crossed (i.e. Participdrask), some cells are missing. Special analysis
techniques must be used when a data set has misdisdthe analysis techniques are discussecciiose
5.1.4).

In session 1, the tasks were presented in a radden for each participant. In session 2, taskewe
presented as follows: first, the set of tasks thatparticipant had completed during session 1 was
presented using a new random order; then the saskd that the participant had not completed ssisa
1 were presented using the same random order Hswagenerated for session 1.

Because the tasks were presented to participamasdom order, the tasks that were adémptedoy the
participants due to time constraints should beitigied at random. However, the tasks that pa«itis
attempted but did natompletesuccessfully are probably not completely randdéiar example, in session
1, only 7 participants completed task 15 (VCR mdnuia session 2, only 2 participants completeskta
(news article). Because of the low completion cdtthese two tasks, they have been excluded fhem t
main analyses.

The distributions of the missing cells in each &esdue to participants not attempting a task aoeve in
Table 4 (session 1) and Table 5 (session 2). Telditions of the cells that are missing dueti® tasks
not meeting the criteria specified in section 5drd shown in Table 6 (session 1) and Table 7i(se&3.
In addition to the missing cells as indicated iasthtables, there are occasional additional migsitig for
particular dependent variables — in some casestigipant completed a task, but did not provideaaswer
to a specific before or after task question.
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Table 4. Distribution of Missing Cells in the Paricipant x Task Data for Session 1

Task

1

15 |16 |17 |18

1

1

14

13

1L 12

10

9

12
13
14
15

16
17
18
20
23
25

21
22

26
29
30
31

32

Table 5. Distribution of Missing Cells in the Paricipant x Task Data for Session 2

Task

1

15 |16 |17 |18

1

14

13

L 12

10

9

12
13

14
15

16
17
18
20
23
25

21
22

26
29
30
31

32
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Table 6. Distribution of missing cells due to tasknot attempted for session 1

Task

15 |16 |17 |18

1
1

1
1
1
1

1
1
1
1

14

13

1 12

10

9

12
13
14
15

16
17
18
20
23
25
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Table 7. Distribution of missing cells due to tasknot attempted for session 2
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5.1.3 Data Logging Omissions

In reviewing the data logs collected by the datming software, some URLSs that users visited wete n
logged correctly. Currently, only a few specifiRls have been found that were affected by thislprob
It is believed that these URL log omissions weralsin number and that they do not have a largeceff
on the results. It should also be noted that tRé ldgs include URLs of any pop-up and pop-under
advertisements that were encountered as the pantitsi completed the tasks.

5.1.4  Data Distribution and Analysis Techniques

Many analysis techniques such as ANOVA rely onssumption that the data being analyzed follows a
normal distribution. In the data collected forstetudy, some of the dependent variables had skewed
distributions, often to a ceiling or floor. ANOV@&an be robust to some violation of the assumptfon o
normality. In order to investigate this, eachtad thajor analyses presented in this chapter wasnoe
with the data as collected, and again with a laggformation applied to the data. Applying a log
transform is a common technique used to adjust sttedata into a more normal distribution. A
comparison of the two analyses — the original daththe log-transformed data — showed that almbst a
the statistical tests and effects were the samedeet the two analyses. A description of the laggform
used and comparison of the log transform analys#setanalyses of the original data is presented in
Appendix A.

Modern computer statistical software allows sojtesed analysis techniques to be used to analyze da
For the analysis presented here, A& mixedwas used to conduct the ANOVAs. Its featuresuidel

the ability to handle designs with unbalanced amssimg cells and good handling of repeated measures
designs. Usingroc mixedhelped address the unbalanced and missing celie idata and the repeated
measures design.

5.2 Analysis 1 — Controlled Factors Analysis

This analysis examines the effects of controlledidies Session (D) and Task (T) on the measured
variables: task familiarity, task frequency (see&erabout task frequency in section 4.4.4.1), atiek-
difficulty, and before-task difficulty, and on tidependent variables: task completion time, number o
URLSs, number of searches, and search ratio. Bedhisanalysis compares data across sessionshenly
EP-15 tasks are included (these are the exacinEpath (P) tasks except task 15).

This analysis addresses Hypotheses 1 and 3:

Hypothesis 1 — Finding and Refinding have diffeemnahen defined by Session

There will be a significant effect of Session wkteompletion time, number of URLS, number of
searches, search ratio, familiarity, before-tasKidulty, and after-task difficulty, but not on
frequency. Specifically, task completion time, benof URLS, search ratio, before-task
difficulty, and after-task difficulty will all beoiver/easier for Session 2 than for Session 1.
Familiarity will be higher for Session 2 than foes3ion 1.

Hypothesis 3 — Task has a large effect on findimgj r@finding

There will be a significant effect of Task on tiepehdent measures task completion time, number
of URLs, number of searches, search ratio, fanififafrequency, before-task difficulty, and after-
task difficulty for the Session 1 and Session Bstafost-hoc tests will indicate the effects on a
per task basis.
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Two-way within-subjects ANOVAs were run on the ERtasks from both session 1 and session 2 to
examine the effects of Session and Task on thendiepé variables. Table 8 shows the ANOVA design.

Table 8. Within-Subjects ANOVA for Session x TaskEP-15 S12 tasks)

Source Numeratof Denominator
df df

Session (D) 1 16

Task (T) 11 151

DxT 11 135-138*

* as reported by SAS proc mixed

The results of the ANOVAs are shown in Table 9.e Tiiteraction effect of Session x Task was sigaiftc
at p<= 0.01 for task completion time, task famitigrand before-task difficulty. The Session x Kas
interaction was also marginally significant at @3®for number of URLs. The main effect of Task was
significant at p<=0.01for all the measured and ddpet variables. The main effect of Session was
significant at p<=0.01 for task completion timeher or URLS, task familiarity, before-task difflty
and after-task difficulty.

Table 9. Results of Two-Way ANOVA for Session x TkJEP-15 S12 tasks)

Session Task Interaction
(D) (M) (DxT)

F P F P F P
Task Completion Time 20.06 <.01* 3142 <.01* 2.61 <.01*
Number of URLs 9.10 0.01* 12.46 <.01* 1.78 0.06
Number of Searches 3.47 0.08 8.41 <.01* 0.64 0.80
Search Ratio 0.12 0.73 13,55 <.01* 0.20 1.00
Task Familiarity 49.80 <.01* 15.23 <.01* 3.60 <.01*
Task Frequency~ 0.12 0.74 18.48 <.01* 0.53 0.88
Before-task Difficulty 37.88 <.01* 15.97 <.01* 3.29 <.01*
After-task Difficulty 21.98 <.01* 10.99 <.01* 1.23 0.28

*p < 0.01, ~ see note about task frequency in sedtibd.1

521 Effects of Session x Task Interaction

The Session x Task interaction had a significafeicefit p<=0.01 on task completion time, task faaritly,
and before-task difficulty. Two additional analyseere conducted to gain a better understanditigese
effects. First, post-hoc analyses using the T@mer adjustment were conducted on the Sessicask T
interaction for the dependent variables task cotigpidime, task familiarity, and before-task diffity.
These post-hoc analyses compared every combinaiti8assion x Task with every other combination for
each of the dependent variables. The resultsegpdist-hoc analyses are shown in Figure 7, Figuaa®
Figure 11.

Second, follow-up one-way ANOVAs were run for egask with Session as the independent variable and
task completion time, task familiarity, and befeask difficulty as the dependent variable. Théofetup
ANOVAs give insight into how the dependent variahiffered on a particular task from the first $mss

to the second sessibnThe results of the follow-up ANOVAs are summadan Table 10.

® The table of post-hoc comparisons could be useddmine the dependent variables across the tvsinsss but |
believe that conducting a follow-up one-way ANOW@k Bach task provides a more precise measure tsiageimber
of participants that completed each task was diffefor each task and is better accounted forerirttlividual
ANOVAs in terms of comparing task performance asmgsssions.
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Analyses of the Session x Task interaction aregmtesl in the following pages. Each page conthies t
following results of the analysis of one of the degent variables that was significantly affectedhsy
Session x Task interaction:

A chart of the mean values and standard error sdhreeach EP-15 task for the dependent
variable

Stars (“*”) on the chart to indicate which tasksreveifferent from session 1 to session 2
based on the follow-up ANOVA analyses.

A matrix of the post-hoc comparisons of the differes of least square means showing the
Tukey-Kramer adjusted p-values comparing eachttaskery other task for each session.

Finally, on page 60, Table 11 shows the numericnvadues for each of the dependent variables for th
tasks that were significantly different from sessloto session 2 based on the follow-up one-way XNO

tests.

Table 10. Results of One-Way ANOVA for Session ondeh EP-15 task (EP-15 S12 tasks)

Task Task BeforeTask
Completion Familiarity Difficulty

Time
Task Description p-value p-value p-value
1 Dictionary 0.51 0.10 0.06
3 Mish Mish phone 0.36 0.01* <0.01*
5 Flight reservation 0.0z** 0.10 0.37
6 Rubik’s cube 0.02** <0.01* <0.01*
8 Kroger phone 0.09 <0.01* <0.01*
10 Football score 0.71 0.01* 0.07
11 Movie times 0.46 0.94 0.86
12 Stock price 0.12 0.04** 0.01*
13 Stasko Web site 0.04** <0.01* <0.01*
16 Local temperatures 0.06 0.58 0.10
17 Academic calendar 0.75 0.67 0.22
18 Map distance 0.09 0.14 0.87

*p < 0.01, * p< 0.05
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Figure 6. Mean Task Completion Time for Session Xask

Session 1 tasks compared with Session 1 tasks

cell values indicate p-values; 0.00 indicates a value less than 0.0001
shaded cells are values less than or equal to 0.01
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Figure 7. Post-hoc comparisons of Mean Task Compien Time for Session x Task
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Session 1 tasks compared with Session 1 tasks cell values indicate p-values; 0.00 indicates a value less than 0.0001
shaded cells are values less than or equal to 0.01
6 12 13 5 10 3 8 18 17 1 11 16
6 1.00 0.03 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
12 1.00 0.70 0.17 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
13 1.00 0.36 0.01 0.01 0.00 0.01 0.00 0.00 0.00 0.00
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3 1.00 0.69 0.75 0.01 0.00 0.00 0.00
8 1.00 0.96 0.03 0.01 0.00 0.00
18 1.00 0.05 0.01 0.01 0.00
17 1.00 0.59 0.48 0.15
1 1.00 0.85 0.35
11 1.00 0.47
16 1.00
Session 1 tasks (y-axis) compared with Session 2 tasks (x-axis)
6 12 13 10 3 8 18 17 1 11 16
6 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
12 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
13 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
5 0.00 0.02 0.02 0.03 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00
10 0.13 0.44 0.33 0.55 0.01 0.02 0.02 0.17 0.00 0.00 0.00 0.00
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18 0.34 0.78 0.60 0.89 0.06 0.08 0.08 0.36 0.02 0.00 0.01 0.00
17 0.26 0.06 0.17 0.05 0.85 0.78 0.78 0.36 0.77 0.13 0.45 0.20
1 0.09 0.01 0.06 0.01 0.45 0.40 0.40 0.16 0.81 0.32 0.81 0.43
11 0.07 0.01 0.04 0.01 0.36 0.32 0.32 0.12 0.68 0.44 0.96 0.56
16 0.01 0.00 0.01 0.00 0.10 0.08 0.08 0.03 0.25 1.00 0.51 0.88
Session 2 tasks compared with Session 2 tasks
10 3 8 18 17 1 11 16
6 1.00 0.45 0.71 0.40 0.33 0.39 0.39 0.95 0.16 0.01 0.07 0.02
12 1.00 0.76 0.90 0.07 0.10 0.10 0.46 0.03 0.00 0.01 0.00
13 1.00 0.68 0.21 0.25 0.25 0.69 0.10 0.01 0.04 0.01
5 1.00 0.07 0.09 0.09 0.42 0.03 0.00 0.01 0.00
10 1.00 0.92 0.92 0.44 0.62 0.08 0.34 0.13
3 1.00 1.00 0.49 0.57 0.07 0.30 0.11
8 1.00 0.49 0.57 0.07 0.30 0.11
18 1.00 0.24 0.02 0.12 0.04
17 1.00 0.23 0.64 0.32
1 1.00 0.49 0.88
11 1.00 0.61
16 1.00

Figure 9. Post-hoc comparison of Mean Task Familigty for Session x Task
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Figure 10. Mean Before-Task Difficulty for Sessiox Task
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Figure 11. Post-hoc comparisons of Mean Before-Tia®ifficulty for Session x Task
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Table 11. Session x Task — Time and Number of URIMeans (EP-15 S12 tasks)

Task Task Before Task
Completion Familiarity Difficulty

Time
Task Description S1 S2 S1 S2 S1 S2
3 Mish Mish phone -- -- 4.93 6.00 473 5.93
5 Flight reservation 278.07 177.54 -- -- - -
6 Rubik’s cube 72.00 44.86 2.50 5.64 3.69 6.07
8 Kroger phone -- -- 5.13 6.00 519 6.07
10 Football score -- -- 4.88 6.00 -- --
12 Stock price -- -- 3.47 5.19 406 5.19
13 Stasko Web site  103.88 71.20 3.69 5.50 4.00 5.50
16 Local temperatures -- -- -- -- -- --

* cells with a “--" are blank because that variables not significant in the Session x Task inteoact

5.2.2 Effects of Task

Task had a significant main effect at p<=0.01 ¢ntha&l dependent variables (task completion timepler
or URLs, number of searches, search ratio, tasKifaity, task frequency (see note about task fermy
in section 4.4.4.1), before-task difficulty, andeaftask difficulty). Post-hoc analyses using Thiey-
Kramer adjustment were conducted for each of tipedgent variables to examine the significant
differences of Task.

Analyses of the main effect of Task are presemdté following pages. Each page contains theveiig
results of the analysis of one of the dependeriabkes that were significantly affected by Task:

= A chart of the mean values and standard error sdtuecach EP-15 task for the dependent
variable

= A matrix of the post-hoc comparisons of the differes of least square means showing the
Tukey-Kramer adjusted p-values comparing eachttaskery other task.
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Figure 12. Graph of Task effect on Mean Task Comglion Time (EP-15 S12 tasks)

Task Completion Time -- Post-hoc comparisons
cells indicate p-values; 0.00 indicates a value less than 0.01
Task 16 1 6 3 17 11 8 13 12 10 18 5

16 100 | 039 | 047 | 014 | 020 | 001 | 001 | 0.01 | 0.00 | 0.00 | 0.00 | 0.00
1 1.00 | 091 | 050 | 0.39 | 0.04 | 0.04 | 0.04 | 0.01 | 001 | 0.00 | 0.00
6 1.00 | 045 | 035 | 0.04 | 0.04 | 0.03 | 0.01 | 0.01 | 0.00 | 0.00
3 100 | 085 | 017 | 0.18 | 0.15 | 0.06 | 0.06 | 0.00 | 0.00
17 100 | 025 | 026 | 0.21 | 0.10 | 0.10 | 0.00 | 0.00
11 1.00 | 093 | 0.88 | 0.69 | 0.66 | 0.00 | 0.00
8 1.00 | 081 | 0.61 | 059 | 0.00 | 0.00
13 1.00 | 0.82 | 0.80 | 0.00 | 0.00
12 1.00 | 0.97 | 0.00 | 0.00
10 1.00 | 0.00 | 0.00
18 1.00 | 0.00
5 1.00

Groups

A A A A A
B B B B B B B
C C C C C C C
D
E

Figure 13. Post-hoc task comparisons of Task effean Task Completion Time (EP-15 S12 tasks)
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5.2.2.2 Number of URLs
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Figure 14. Graph of Task effect on Mean Number of/RLs (EP-15 S12 tasks)

Number of URLs -- Post-hoc comparisons
cells indicate p-values; 0.00 indicates a value less than 0.01
Task 1 10 16 6 3 11 8 12 13 17 5 18

1 1.00 0.78 0.18 0.19 0.15 0.06 0.03 0.00 0.00 0.00 0.00 0.00
10 1.00 | 029 | 0.30 | 0.25 | 0.10 | 0.05 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
16 100 | 097 | 094 | 057 | 040 | 0.02 | 0.02 | 0.00 | 0.00 | 0.00
6 1.00 0.91 0.54 0.38 0.02 0.02 0.00 0.00 0.00
3 1.00 | 061 | 044 | 003 | 0.02 | 0.00 | 0.00 | 0.00
11 1.00 0.81 0.10 0.08 0.01 0.00 0.00
8 1.00 0.14 0.11 0.02 0.00 0.00
12 1.00 | 0.79 | 0.30 | 0.05 | 0.00
13 1.00 0.50 0.12 0.00
17 1.00 0.35 0.00
5 1.00 | 0.00
18 1.00

Groups

A A A A A A A
B B B B B B B
C Cc C C C
D D D D
E

Figure 15. Post-hoc task comparisons of Task effean Mean Number of URLs (EP-15 S12 tasks)
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5.2.2.3  Number of searches
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Figure 16. Graph of Task effect on Mean Number oBearches (EP-15 S12 tasks)

Number of Searches -- Post-hoc comparisons
cells indicate p-values; 0.00 indicates a value less than 0.01

Task 16 17 1 11 10 8 3 5 12 6 13 18
16 1.00 0.92 0.86 0.46 0.58 0.10 0.08 0.10 0.01 0.00 0.00 0.00
17 1.00 0.77 0.40 0.51 0.08 0.07 0.08 0.01 0.00 0.00 0.00
1 1.00 0.55 0.70 0.12 0.10 0.12 0.01 0.00 0.00 0.00
11 1.00 0.82 0.37 0.33 0.37 0.06 0.00 0.00 0.00
10 1.00 0.24 0.21 0.24 0.03 0.00 0.00 0.00
8 1.00 0.93 0.98 0.32 0.02 0.01 0.00
3 1.00 0.95 0.37 0.03 0.01 0.00
5 1.00 0.35 0.03 0.01 0.00
12 1.00 0.18 0.06 0.00
6 1.00 0.51 0.00
13 1.00 0.01
18 1.00

Groups
A A A A A A A A
B B B B B B
C C C C C
D D D
E E

Figure 17. Post-hoc task comparisons of Task effe@n Number of Searches (EP-15 S12 tasks)
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5.2.2.4 Search Ratio
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Figure 18. Graph of Task effect on Mean Search Rit (EP-15 S12 tasks)

Search Ratio -- Post-hoc comparisons
cells indicate p-values; 0.00 indicates a value less than 0.01
Task 16 17 1 5 11 8 10 12 3 18 13 6

16 100 | 099 | 046 | 022 | 0143 | 014 | 001 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
17 1.00 0.46 0.22 0.13 0.14 0.01 0.00 0.00 0.00 0.00 0.00
1 100 | 058 | 0.39 | 043 | 0.05 | 0.01 | 0.00 | 0.00 | 0.00 | 0.00
5 100 | 0.76 | 0.83 | 0.18 | 0.04 | 0.01 | 0.01 | 0.00 | 0.00
11 1.00 0.93 0.31 0.09 0.03 0.02 0.00 0.00
8 1.00 | 025 | 0.06 | 0.02 | 0.01 | 0.00 | 0.00
10 1.00 | 047 | 022 | 0.12 | 0.00 | 0.00
12 1.00 0.60 0.34 0.00 0.00
3 1.00 | 0.63 | 0.01 | 0.00
18 1.00 | 0.04 | 0.00
13 1.00 0.09
6 1.00

Groups

A A A A A A
B B B B B
C C C C C C
D D D D D D
E E
F

Figure 19. Post-hoc task comparisons of Task effeen Search Ratio (EP-15 S12 tasks)
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5.2.2.5 Task Frequency
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Figure 20. Graph of Task effect on Mean Task Fregency (EP-15 S12 tasks)

No post-hoc comparison table was generated fotatlefrequency data (see note about task frequancy
section 4.4.4.1)
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5.2.2.6  Task Familiarity
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Figure 21. Graph of Task effect on Mean Task Famigrity (EP-15 S12 tasks)

Task Familiarity -- Post-hoc comparisons
cells indicate p-values; 0.00 indicates a value less than 0.01
6 12 13 5 18 10 3 8 17 11 1 16
6 1.00 | 0.32 | 0.7 | 0.08 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
12 100 | 062 | 0.39 | 0.01 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
13 1.00 | 076 | 0.04 | 0.01 | 0.01 | 000 | 0.00 | 0.00 [ 0.00 | 0.00
5 1.00 | 0.06 | 0.01 | 002 | 0.01 | 0.00 | 0.00 | 0.00 | 0.00
18 1.00 0.77 0.77 0.59 0.03 0.00 0.00 0.00
10 1.00 1.00 0.77 0.03 0.00 0.00 0.00
3 100 | 0.78 | 0.03 | 0.00 | 0.00 | 0.00
8 1.00 | 0.06 | 0.01 | 0.00 | 0.00
17 1.00 0.41 0.22 0.09
11 1.00 | 0.72 | 0.38
1 1.00 0.58
16 1.00
Groups
A A A A
B B B
C C C C
D D D D D
E E E E

Figure 22. Post-hoc task comparisons of Task effean Task Familiarity (EP-15 S12 tasks)
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5.2.2.7

Before-Task Difficulty

Mean Before-Task Difficulty
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Figure 23. Graph of Task effect on Mean Before-TasDifficulty (EP-15 S12 tasks)

Before-Task Difficulty -- Post-hoc comparisons
cells indicate p-values; 0.00 indicates a value less than 0.01

Task 5 12 18 13 6 3 8 10 17 11 1 16
5 1.00 | 0.88 | 090 | 092 | 040 | 0.01 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
12 1.00 100 | 097 | 046 | 001 | 0.00 | 000 | 0.00 | 0.00 | 0.00 | 0.00
18 100 | 097 | 052 | 0.03 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
13 1.00 | 048 | 0.02 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
6 1.00 | 0.08 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
3 1.00 | 0.17 0.03 | 0.02 | 0.00 | 0.00 | 0.00
8 100 | 043 | 031 | 0.04 | 0.00 | 0.00
10 1.00 | 0.79 | 0.18 | 0.02 | 0.00
17 1.00 | 0.31 | 0.05 | 0.01
11 1.00 | 040 | 0.2
1 1.00 | 0.43
16 1.00

Groups
A A A A A A
B B B B
C C C C
D D D D
E E E

Figure 24. Post-hoc task comparisons of Task effean Before-Task Difficulty (EP-15 S12 tasks)
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5.2.2.8  After-Task Difficulty
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Figure 25. Graph of Task effect on Mean After-TaslDifficulty (EP-15 S12 tasks)

After-Task Difficulty -- Post-hoc comparisons
cells indicate p-values; 0.00 indicates a value less than 0.01
Task 18 5 12 13 10 8 3 11 17 6 1 16

18 1.00 | 0.06 | 0.01 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
5 100 | 048 | 0.19 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
12 1.00 | 050 | 001 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
13 1.00 | 009 | 005 | 005 | 001 | 0.01 | 0.01 | 0.00 | 0.00
10 1.00 0.76 0.73 0.18 0.27 0.25 0.01 0.00
8 1.00 0.97 0.31 0.43 0.40 0.02 0.00
3 100 | 0.33 | 046 | 043 | 0.02 | 0.00
11 1.00 0.81 0.84 0.20 0.07
17 1.00 0.97 0.12 0.04
6 1.00 | 0.13 | 0.04
1 1.00 0.50
16 1.00

Groups

A A
B B B
C C C C
D D D D D D
E E E E E E
F F F F F

Figure 26. Post-hoc task comparisons of Task effean After-Task Difficulty (EP-15 S12 tasks)



Robert G. Capra lll Chapter 5. Results 69

5.2.3 Effects of Session

Session had a significant main effect at p<=0.01ask completion time, number of URLS, task
familiarity, before-task difficulty and after-taskfficulty. No effect of Session was observed fiomber
of searches, search ratio, or task frequency (seeabout task frequency in section 4.4.4.1). @4l
shows the means and standard error values forafdbh dependent variables that were significantly
affected by Session. Figure 27 shows graphs afiens and standard error values for each of the
dependent variables.

Table 12. Session Mean and Standard Error Values

Session 1 Session 2 p-value
Mean  StdErr Mean StdErr
Task Completion Time 103.07 6.52 78.89 4.00 <.01
Number of URLs 6.51 0.47 5.10 0.34 0.01
Task Familiarity 4.94 0.15 5.98 0.10 <.01
Before-task Difficulty 5.12 0.12 5.88 0.10 <.01
After-task Difficulty 5.70 0.10 6.21 0.08 <.01
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Figure 27. Session Effect Mean Values
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5.2.4  Summary

In this section, the analysis is summarized in geofithe hypotheses for this analysis.

Hypothesis 1 — Finding and Refinding have diffeemsnahen defined by Session

There will be a significant effect of Session wkteompletion time, number of URLS, number of
searches, search ratio, familiarity, before-tasKidulty, and after-task difficulty, but not on
frequency. Specifically, task completion time, benof URLS, search ratio, before-task
difficulty, and after-task difficulty will all beoiver/easier for Session 2 than for Session 1.
Familiarity will be higher for Session 2 than foes3ion 1.

Session had a significant main effect on task cetigot time, number of URLS, task familiarity, befer
task difficulty, and after-task difficulty at p<#lll.. However, there was also a significant Sessidask
interaction for task completion time, task familarand before-task difficulty at p<=0.01.

Session x Task interactienFor the Session x Task interaction, it is theajgarisons of a task in Session 1
to the same task in Session 2 that is of primagr@st. In other words, it is interesting to cdesithe
effect of session on each task, but not as iniagegi compare task 1 in session 1 to task 2 isige<.
Post-hoc tests showed that task 6 (Rubik’s cube ask 13 (professor Web site) had significant
differences (p<=0.05) based on session for taskptation time, task familiarity, and before-taskfidiilty.
Task 3 (Mish Mish phone), task 8 (Kroger phone}l task 12 (stock price) had significant differences
based on session for task familiarity and befos&-thfficulty. Two other tasks had significantfdifences
based on session for only one measure and arentio¢f examined here (see Table 10 for detailsheiV
significant differences were found, task completiome was lower in session 2 than session 1, task
familiarity in session 2 was higher in session@htsession 1, and before-task difficulty was easier
session 2 than in session 1.

Session main effeetFor the main effect of Session, there was dfgignt effect on task completion time,
number of URLSs, task familiarity, before-task diffity, and after-task difficulty. Interestinglyon
significant effect of Session was observed for neindd searches or search ratio. As expected, no
significant effect of Session was observed for fesjuency (see note about task frequency in sectio
4.4.4.1). For the cases of significant differenioethe mean values, task completion time was |dwer
session 2 than session 1, number of URLs was femgassion 2 than session 1, task familiarity wghkér
in session 2 than session 1, before-task diffionkig easier in session 2 than in session 1, aedtafik
difficulty was easier in session 2 than in sesdion

Conclusion- the hypothesis is mainly supported by the aealygth several interesting additional
observations. First, no main effect of session efEerved for number of searches and search ratio.
Second, although there was a main effect of Sestfiere were effects of the Session x Task intEnact
for several dependent measures. Analysis of thifsets showed that some tasks were affected lsjoses
while for other tasks, no effect was observed. k¥ &s(Rubik’s cube), 13 (professor Web site), 3 gtore
phone), 8 (grocery store phone), and 12 (stoclepriere affected by the Session x Task interadtion
two or more dependent measures.

Hypothesis 3 — Task has a large effect on findimgdj r@finding

There will be a significant effect of Task on tlepehdent measures task completion time, number
of URLs, number of searches, search ratio, fanmijfafrequency, before-task difficulty, and after-
task difficulty for the Session 1 and Session RBsta®ost-hoc tests will indicate the effects on a
per task basis.

Effects of Task Task had a significant main effect at p<=0.0Jabbthe dependent variables: task
completion time, number or URLs, number of searchearch ratio, task familiarity, task frequenaye(s
note about task frequency in section 4.4.4.1), lgeffask difficulty, and after-task difficulty. Hawer, as
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described in the summary for Hypothesis 1 aboweretivas also a significant Session x Task inteyacti
for task completion time, task familiarity, and bef-task difficulty at p<=0.01.

Post-hoc tests revealed differences based on femktask completion time, task 18 (map distano€) a
task 5 (flight reservation) took significantly logrgthan all other tasks. The mean number of URAS w
significantly greater for task 18 (map distancatlall other tasks. Task 6 (Rubik’s cube) and fissk
(professor Web site) had significantly higher skaatios than all other tasks (p<=0.05). No tdskd
higher familiarity than all the others, but thresedlhhigher familiarity than most: task 11 (moviees), task
1 (dictionary), and task 16 (local temperatureimifarly, task 16 (local temperature) was perceiaed
easier than most other tasks in both before-tadlafter-task difficulty measures. In the afterktas
difficulty measurement, task 18 (map distance) pexseived as significantly more difficult than ather
tasks except one.

Conclusion- the hypothesis is mainly supported with sometemicl observations. Task did have a
significant main effect on all the dependent vdaab However, the interaction of Session x Tasks bad
an effect on some tasks. Some tasks stood oetrirstof their differences and not all tasks diffefrem
all others — many tasks did not differ significgriti terms of the dependent measures even thoagh th
were in different topic areas. Most of the taskthis study were fairly directed tasks that regdifinding
a single item.

5.3 Analysis 2 — Prior Frequency Analysis

The analyses in this section consider finding afihding based on the prior frequency with which
participants did each task. Prior frequency isftbguency for each task as measuretbrethe participant
performed the task during Session 1. Prior frequevas mapped to three levels: low (less often tha
once per month), medium (once or several timesrmuatth), and high (once per week or more). These
analyses examine the effects of factors sessiomiD)prior frequency (Q) on the dependent variables
Data from both sessions are included in this amalyNote that prior frequency is the task freqyens
measured during the first session, before theqgiatt had performed the task. Because this asalys
compares data across sessions, only the EP-15aaskicluded (these are the exact (E) and pattaéR¥
except for task 15).

This analysis addresses Hypothesis 2:

Hypothesis 2 — Finding and Refinding have diffeemsnwhen defined by Task Frequency

There will be a significant effect of task frequeona task completion time, number of URLS,
number of searches, search ratio, familiarity, beftask difficulty, and after-task difficulty fane
Session 1 and Session 2 tasks. Specificallyctaspletion time, number of URLS, number of
searches, search ratio, before-task difficulty, afteér-task difficulty will all be lower/easier for
tasks with a high level of frequency than for taskk a low frequency. Familiarity will be higher
for high frequency tasks than for low frequencksas

Two-way within-subjects ANOVAs were run on the ERtasks from both Session 1 and Session 2 to
examine the effects of Session and Prior Frequendhe dependent variables. Table 13 shows the
ANOVA design.
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Table 13. Within-Subjects ANOVA for Session x PriofFrequency (EP-15 S12 tasks)

Source Numeratof Denominator
df df

Session (D) 1 16

Prior Fregeuncy (Q) 2 31*

DxQ 2 29*

* as reported by SAS proc mixed

The results of the ANOVASs are shown in Table 1he Tnteraction effect of Session x Prior Frequency
was significant at p<= 0.05 for task completiondjrtask familiarity, and before-task difficulty.h& main
effect of Prior Frequency was significant for akasured and dependent variables at p<=0.01. The ma
effect of Session is consistent with the main eftéSession observed in the Controlled Factordysigm

in Section 5.2.

Table 14. Results of Two-Way ANOVA for Session x Rar Frequency (EP-15 S12 tasks)

Session Prior Freq Interaction
(D) Q (DxQ)

F P F P F P
Task Completion Time 12.27 <.01* 20.16 <.01* 3.60 0.04*
Number of URLs 7.11 0.02* 9.26 <.01* 2.16 0.13
Number of Searches 3.40 0.08 9.84 <.01* 0.36 0.70
Search Ratio 0.18 0.68 9.43 <.01* 0.39 0.68
Task Familiarity 43.76 <.01* 43.07 <.01* 8.29 <.01*
Before-task Difficulty 35.67 <.01* 45.46 <.01* 3.30 0.05*
After-task Difficulty 22.32 <.01* 20.48 <.01* 2.71 0.08

*p < 0.01, * p= 0.05

5.3.1  Effects of Session x Prior Frequency Interaicn

The Session x Prior Frequency interaction had rifgignt effect at p<=0.01 on task familiarity aatl
p<=0.05 on task completion time and before-tashcdity. Post-hoc analyses using the Tukey-Kramer
adjustment were conducted to examine the Sesdryiok Frequency interaction effect on task completi
time, task familiarity, and before-task difficultiNote that in the graphs, sinpgor frequency (i.e.
frequency as measured in the before-task questiogession 1) is being used, the columns consider t
same tasks across the two days.
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Figure 28. Mean Task Completion Time for Session Rrior Frequency (EP-15 tasks)

Table 15. Post-hoc comparisons of Mean Task Compilen Time for Session x Prior Frequency (EP-

15 tasks)
Session 1 Session 2
High Med Low High Med Low
Session 1 High 0.02 <.01 1.00 0.99 0.07
Med 0.26 0.02 0.11 0.96
Low <.01 <.01 0.03
Session 2 High 0.99 0.08
Med 0.35

Low
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Table 16. Post-hoc comparisons of Mean Task Fandliity for Session x Prior Frequency (EP-15

tasks)
Session 1 Session 2
High Med Low High Med Low
Session 1 High 0.01 <.01 0.60 0.98 0.16
Med <.01 <.01 0.08 0.71
Low <.01 <.01 <.01
Session 2 High 0.34 0.01
Med 0.61

Low
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Table 17. Post-hoc comparisons of Mean Before-Taskfficulty for Session x Prior Frequency (EP-

15 tasks)
Session 1 Session 2
High Med Low High Med Low
Session 1 High <.01 <.01 0.46 0.99 0.02
Med <.01 <.01 0.04 0.97
Low <.01 <.01 <.01
Session 2 High 0.29 <.01
Med 0.15

Low
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5.3.2 Effects of Session

Session had a significant main effect at p<=0.0#herdependent variables task completion time, mumb
of URLs, task familiarity, before-task difficultgnd after-task difficulty. These differences avasistent
with the analysis of the effects of Session indbetrolled factors analysis in Section 5.2.3.

5.3.3  Effects of Prior Frequency

Prior Frequency had a significant main effect at@81 on all the dependent variables: task congpieti
time, number or URLs, number of searches, seati) task familiarity, task frequency (see note atho
task frequency in section 4.4.4.1), before-taskaditty, and after-task difficulty.

Post-hoc analyses using the Tukey-Kramer adjustmerd conducted for each of the dependent variables
to examine the significant differences of Priordtrency. Table 18 shows the means and standanmd erro
values for each of the dependent variables for @ of Prior Frequency. Figure 31 shows gragitthe
mean and standard error values for each of thendiepé variables. The post-hoc comparisons arershow
in Table 19.

Table 18. Prior Frequency Mean and Standard ErrorValues

High Med Low
Mean SE Mean SE Mean SE
Task Completion Time 63.55 3.10 90.75 6.38 120.83 8.60
Number of URLs 424 040 6.34 0.52 7.18 0.57
Number of Searches 0.30 0.07 0.92 0.21 1.10 0.14
Search Ratio 0.06 0.01 0.11 0.02 0.15 0.02
Task Familiarity 6.27 0.11 5.51 0.17 456 0.18
Before-task Difficulty 6.14 0.10 5.53 0.13 4.79 0.15

After-task Difficulty 6.36 0.09 5.87 0.14 556 0.12
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Table 19. Post-hoc Task Frequency Effects (EP-13.5tasks)

p-value
Task completion time
High-Low <.01 *
High-Medium 0.02 **
Medium-Low 0.02 **
Number of URLs
High-Low <.01 *
High-Medium 0.03 *
Medium-Low 0.51
Number of searches
High-Low <.01 *
High-Medium 0.02 **
Medium-Low 0.52
Search ratio
High-Low <.01 *
High-Medium 0.12
Medium-Low 0.14
Task familiarity
High-Low <.01 *
High-Medium <.01 *
Medium-Low <.01 *
Before-task difficulty
High-Low <.01 *
High-Medium <.01 *
Medium-Low <.01 *
After-task difficulty
High-Low <.01 *
High-Medium <.01 *
Medium-Low 0.05 **

*p < 0.01, * p< 0.05

5.3.4  Prior Frequency Analysis of Session 1 taskslyg

This section continues the analysis of prior fremyeby considering the effect of prior frequencyaty
the EP-15 Session 1 tasks. Session 1 data prawidesation about participants doing the taskstlfar
first time as part of this study.

This analysis examines finding and refinding basedhe prior frequency with which participants éakch
task. Only session 1 tasks are included in thésisa Prior frequency was mapped to three levis:
(less often than once per month), medium (onceweral times per month), and high (once per week or
more).

One-way within-subjects ANOVAs were run on the EFPtdsks from Session 1 to examine the effects of
prior frequency (H) on the dependent variablesbl& 20 shows the ANOVA design.
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Table 20. Within-Subjects One-Way ANOVA for Frequeng (EP-15 S1 tasks)

Source Numeratof Denominator
df df
Prior Frequency (H) 2 31*

* as reported by SAS proc mixed

The results of the ANOVAs are shown in Table 2he Tain effect of Prior Frequency on the Session 1
EP-15 tasks was significant at(qp01 for: task completion time, number of URLsktéamiliarity, before-
task difficulty and after-task difficulty. The rmeéffect of Prior Frequency was significant a0@5 for
number of searches and search ratio.

Table 21. Results of One-Way ANOVA for Prior Frequacy (EP-15 D1 tasks)

Num Den Prior
DF DF Frequency

(H)

F P

31 15.56 <.01*
31 8.70 <.01%
31 474 0.02*
32 3.21 0.05*
31 33.59 <.01*
31 2996 <.01*
31 12.34 <.01*

Task completion time
Number of URLs
Number of searches
Search ratio

Task familiarity
Before-task difficulty
After-task difficulty

*p < 0.01, * p< 0.05

NNNNNNDN

Post-hoc analyses using the Tukey-Kramer adjustmerg conducted for each of the dependent variables
to examine the significant differences of Priordtrency. Table 22 shows the means and standand erro
values for each of the dependent variables for &aa of Prior Frequency. Figure 32 shows grapfithe
mean and standard error values for each of thendkeype variables. The post-hoc comparisons arershow
in Table 23.
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Table 22. Mean Values for Level of Prior FrequencyEP-15 S1 tasks)

Level of Frequency High Medium Low
(n=66) (n=45) (n=66)
Mean SE Mean SE Mean SE
Task completion time 62.98 4.56 109.20 9.94  139.83 14.23
Number of URLs 420 0.57 7.47 0.81 8.29 0.92
Number of searches 0.36 0.11 1.13 0.38 1.21 0.20
Search ratio 0.08 0.02 0.11 0.02 0.15 0.02
Task familiarity 6.08 0.18 5.11 0.27 3.70 0.25
After-task difficulty 6.23 0.14 5.34 0.17 5.42 0.20
Before-task difficulty 595 0.16 426 0.19 5.18 0.20

Table 23. Post-hoc Task Frequency Effects (EP-13 $asks)

p-value

Task completion time
High-Low <.01 *
High-Medium 0.02 **
Medium-Low 0.11

Number of URLs
High-Low <.01 *
High-Medium 0.02 **
Medium-Low 0.75

Number of searches
High-Low 0.02 o
High-Medium 0.07
Medium-Low 0.95

Search ratio
High-Low 0.04 **
High-Medium 0.70
Medium-Low 0.32

Task familiarity
High-Low <.01 *
High-Medium 0.01 *
Medium-Low <.01 *

Before-task difficulty
High-Low <.01 *
High-Medium <.01 *
Medium-Low <.01 *

After-task difficulty
High-Low <.01 *
High-Medium <.01 *
Medium-Low 0.89

*p < 0.01, * p< 0.05
The post-hoc comparisons shown in are describ&dlite 23 and in detail below.
Task completion time participants completed high-frequency sessitasis significantly faster

than medium- and low-frequency tasks@5), but no significant difference was detected
between low and medium frequency tasks.
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Number of URLs-high frequency session 1 tasks were completddsignificantly fewer URLs
than medium and low frequency tasks@®5), but no difference was detected between luiv a
medium frequency tasks.

Number of searcheshigh frequency session 1 tasks were complettdufeiver searches than
low frequency tasks g0.05) or medium frequency tasks (p=0.07). No $iggnt difference was
detected between low and medium frequency tasks.

Search Ratie- high frequency session 1 tasks had significdatler search ratios than low
frequency tasks gD.01), but no significant difference was detectetiieen high and medium
tasks or between low and medium frequency tasterins of search ratio.

Task familiarity— for the session 1 tasks, all three levels affemcy had significantly different
values of task familiarity than all the other lev§t<0.01).

Before-task difficulty- for the session 1 tasks, all three levels afdemcy had significantly
different values of before-task difficulty than #ie other levels 0.01).

After-task difficulty- for the session 1 tasks, high frequency taske vaged as being less difficult
on the after-task difficulty rating than medium dad frequency tasks §9.01), but no
significant difference was detected between lowmedium frequency tasks.

5.3.5 Summary
In this section, the analysis is summarized in seofithe hypotheses for this analysis.

Hypothesis 2 — Finding and Refinding have diffeemnwhen defined by Task Frequency

There will be a significant effect of task frequena task completion time, number of URLS,
number of searches, search ratio, familiarity, beftask difficulty, and after-task difficulty fane
Session 1 and Session 2 tasks. Specificallyctaslpletion time, number of URLS, number of
searches, search ratio, before-task difficulty, afteér-task difficulty will all be lower/easier for
tasks with a high level of frequency than for taskk a low frequency. Familiarity will be higher
for high frequency tasks than for low frequencksas

Session had a significant main effect on task cetigot time, number of URLS, task familiarity, befer
task difficulty, and after-task difficulty at p<£I2. However, there was also a significant SessiBrior
Frequency interaction for task completion timek tisniliarity, and before-task difficulty at p<=&0

Session x Prior FrequeneyPost-hoc tests of the Session x Prior Frequinesaction revealed several
interesting results. For session 1, high frequeasls took significantly less time than medium kovd
frequency tasks. For session 2, both high andumeéfiequency tasks took about the same amountnef ti
as high frequency tasks in session 1. Low frequerssion 2 tasks took significantly less time tloan
frequency session 1 tasks, but still took more tina@ high or medium frequency tasks. These esult
indicate that one session of experience: did nahgh the task completion time for high prior fregue
tasks, lowered the time of medium frequency tagkbkat of high prior frequency tasks, and loweitesl t
time for low prior frequency tasks, but not to #ame levels as high and medium prior frequencystask

For session 1, high frequency tasks had signifigdmgher familiarity scores than medium frequency
tasks, which also had significantly higher famitiascores than low frequency tasks. Althoughrtiean
familiarity scores for all three levels of prioeffluency were higher for session 2 than sessionlyt ttee
low prior frequency tasks were significantly higlfpx=0.05). For session 2, the high prior freqyenc
tasks had significantly higher familiarity ratindsn the session 2 low prior frequency tasks, loeit t
medium prior frequency tasks were not significadilferent from either high or low. These results
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indicate that low prior frequency tasks benefiteel mnost from one session of experience, bringiag th
familiarity rating up to that of the session 1 madifrequency tasks.

Results for the Session x Prior Frequency intevadti terms of the before-task difficulty ratinge a
similar to the results for the familiarity ratingBor session 1, high, medium, and low prior fretpyeall
had significantly different before-task difficultsitings — high was rated significantly easier thaadium,
which was rated significantly easier than low. Bession 2, both medium and low prior frequencistas
were rated as significantly easier than they wergession 1. The session 2 low frequency tasks wated
at a level of before-task difficulty that was siamito that of session 1 medium frequency tasks.

Session main effeetFor the main effect of Session, there was afgignt effect on task completion time,
number of URLSs, task familiarity, before-task diffity, and after-task difficulty. The observedeetfs are
similar to those observed in the Session x Tasksisalescribed in Section 5.2.4 on page 70.

Prior frequency main effeet Prior frequency had a significant main effegbt0.01 on the dependent
variables: task completion time, number or URLsnbar of searches, search ratio, task familiargyote-
task difficulty, and after-task difficulty. Howereas described previously, there was a signifiSassion
x Prior frequency interaction for task completiong, task familiarity, and before-task difficulty a
p<=0.05.

Post-hoc tests revealed differences based onfpeiguency. For task completion time, all threesle\of
prior frequency had significantly different measkaompletion times at p<=0.05, with high < mediam
low. High prior frequency was significantly diffamt from medium and low in terms of number of URLs
and number of searches. For search ratio, onty dngl low prior frequency were significantly diéeit.
For task familiarity, before-task difficulty, andter-task difficulty, all three levels of prior fgeency were
different from each other at p<=0.05.

Conclusion- the hypothesis is mainly supported with sometexhdl observations. Prior frequency did
have a significant main effect at p<=0.01 on ail dependent variables. For all dependent meaigs,
prior frequency was significantly different fromalgrior frequency at p<=0.05 and for several of the
measures, high, medium, and low were all diffefeorh each other with high < medium < low. However,
the interaction of Session x Prior Frequency absw d significant effect at p<=0.05 on task completi
time, task familiarity, and before-task difficultyrhese results showed that, in general, the expeziof
having done the task previously improved the messstor medium and low prior frequency tasks more
than for high prior frequency tasks.

5.4 Analysis 3 — Prior Familiarity Analysis

Prior familiarity is the familiarity for each tasis measurebeforethe participant performed the task
during Session 1. This analysis examines the tsffefcfactors session (D) and prior familiarity (80 the
dependent variables. Data from both sessionglsdad in this analysis, but prior familiarity tsettask
familiarity as measured during the first sessiafple the participant had performed the task. Bseahis
analysis compares data across sessions, only ti& Edsks are included (these are the exact (Epatid
(P) tasks except for task 15).

This analysis addresses Hypothesis 4:
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Hypothesis 4 — Task familiarity affects finding aefinding

There will be a significant effect of prior taskféiarity on the dependent measures task
completion time, number of URLs, number of searcessch ratio, frequency, before-task
difficulty, and after-task difficulty for the Semsil and Session 2 tasks. Specifically, task
completion time, number of URLSs, number of searcdezsrch ratio, before-task difficulty, and
after-task difficulty will all be lower/easier faasks with a high level of prior familiarity than
tasks with low familiarity. Frequency will be higihfor high prior familiarity tasks than for low
prior familiarity tasks.

Two-way within-subjects ANOVAs were run on the ERtasks from both Session 1 and Session 2 to

examine the effects of Session and Prior Famyianit the dependent variables. Table 24 shows the
ANOVA design.

Table 24. Within-Subjects ANOVA for Session x PrioFamiliarity (EP-15 S12 tasks)

Source Numeratof Denominator
df df

Session (D) 1 16

Prior Familiarity (K) 2 27*

DxK 2 27*

*as reported by SAS proc mixed

The results of the ANOVAs are shown in Table 14e Thteraction effect of Session x Prior Familiarit
was significant at p<= 0.05 for task completiongjmumber of URLs, before-task difficulty, and &afi@sk
difficulty. The main effect of Prior Familiarity as significant for all measured and dependent blasa
The main effect of Session was mainly consistettt thie main effect of Session observed in the
Controlled Factors Analysis in Section 5.2.

Table 25. Results of Two-Way ANOVA for Session x Ror Familiarity (EP-15 S12 tasks)

Session Prior Fam Interaction
(D) (K) (DxK)

F P F P F P
Task Completion Time 13.29 <.01* 9.06 <.01* 4.25 0.02*
Number of URLs 7.56 0.01* 481 0.02* 5.18 0.01*
Number of Searches 480 0.04** 2443 <.01* 1.71 0.20
Search Ratio 1.13 0.30 50.18 <.01* 1.28 0.29
Task Frequency~ 0.59 0.45 65.37 <.01* 0.97 0.39
Before-task Difficulty 81.14 <.01* 141.39 <.01* 23.21 <.01*
After-task Difficulty 20.50 <.01* 26.58 <.01* 9.09 <.01*

*p < 0.01, * p< 0.05, ~ see note about task frequency in sedtibd.1

5.4.1  Effects of Session x Prior Familiarity Interation

The Session x Prior Familiarity interaction hadgmiicant effect at p<=0.02 on task completiondim
number of URLS, before-task difficulty and afteskalifficulty. Post-hoc analyses using the Tukey-
Kramer adjustment were conducted to examine thsi@ex Prior Familiarity interaction effect on task
completion time, number of URLSs, before-task difftg and after-task difficulty. Note that in theaghs,
sinceprior familiarity (i.e. familiarity as measured in thefbre-task questions of session 1) is being used,
the columns consider the same tasks across thdayso
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Figure 33. Mean Task Completion Time for Session Rrior Familiarity (EP-15 S12 tasks)

Table 26. Post-hoc comparisons of Mean Task Compilen Time for Session x Prior Familiarity (EP-

15 S12 tasks)

Session 1 High
Med
Low
Session 2 High
Med
Low

Session 1 Session 2
High Med Low High Med Low
<.01 0.01 1.0 1.0 0.83
1.0 <.01 0.01 0.27
0.01 0.03 0.31
1.0 0.76
0.94
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Figure 34. Mean Number of URLSs for Session x PrioFamiliarity (EP-15 S12 tasks)

Table 27. Post-hoc comparisons of Mean Number ofRLs for Session x Prior Familiarity (EP-15

S12 tasks)
Session 1 Session 2
High Med Low High Med Low
Session 1 High 0.01 0.07 1.0 0.99 0.64
Med 1.0 0.02 0.01 0.76
Low 0.12 0.04 0.89
Session 2 High 0.96 0.77
Med 0.44

Low
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Table 28. Post-hoc comparisons of Mean Before-Tagkfficulty for Session x Prior Familiarity (EP-
15 S12 tasks)

Session 1 Session 2
High Med Low High Med Low
Session 1 High <.01 <.01 1.0 0.04 <.01
Med <.01 <.01 <.01 0.80
Low <.01 <.01 <.01
Session 2 High 0.02 <.01
Med <.01

Low
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Figure 36. Mean After-Task Difficulty for Sessionx Prior Familiarity (EP-15 S12 tasks)

Table 29. Post-hoc comparisons of Mean After-TadRifficulty for Session x Prior Familiarity (EP-

15 S12 tasks)

Session 1 Session 2
High Med Low High Med Low
Session 1 High <.01 <.01 0.99 1.0 0.01
Med 1.0 <.01 <.01 0.82
Low <.01 <.01 0.70
Session 2 High 1.0 <.01
Med 0.02

Low
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5.4.2 Effects of Session

Session had a significant main effect at p<=0.01herdependent variables task completion time, mumb
of URLs, before-task difficulty, and after-taskfditilty. At p<=0.05, it had a significant main eftt on
number of searches. These differences are sitoiklwose found in Section 5.2.3.

5.4.3  Effects of Prior Familiarity

Prior Familiarity had a significant main effectpat=0.02 on the dependent variables: task compléitios,
number or URLS, number of searches, search rasé,ftequency (see note about task frequency tiogec
4.4.4.1), before-task difficulty, and after-tasKidulty.

Post-hoc analyses using the Tukey-Kramer adjustmerd conducted for each of the dependent variables
to examine the significant differences of Prior Hemity. Table 30 shows the means and standawat er
values for each of the dependent variables for &a@h of Prior Familiarity. Figure 37 shows grapsf

the mean and standard error values for each afdpendent variables. The post-hoc comparisons are
shown in Table 31.

Table 30. Prior Familiarity Mean and Standard Error Values (EP-15 S12 tasks)

High, n=166 Med, n=113 Low, n=62

Mean SE Mean SE Mean SE
Task Completion Time 73.25 3.88 106.21 8.46 114.40 10.35
Number of URLs 4.92 0.39 6.42 0.56 7.37 0.70
Number of Searches 0.29 0.07 0.93 0.17 1.68 0.22
Search Ratio 0.04 0.01 0.13 0.02 0.25 0.03
Task Frequency~ 4.33 0.13 5.94 0.13 6.55 0.20
Before-task Difficulty 6.39 0.07 5.03 0.12 3.94 0.19
After-task Difficulty 6.40 0.08 5.63 0.12 5.27 0.17

~ see note about task frequency in section 4.4.4.1
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Table 31. Post-hoc Task Familiarity Effects (EP-1512 tasks)

p-value
Task completion time
High-Low <.01 *
High-Medium 0.01 *
Medium-Low 0.74
Number of URLs
High-Low 0.02 **
High-Medium 0.15
Medium-Low 0.44
Number of searches
High-Low <.01 *
High-Medium <.01 *
Medium-Low <.01 *
Search ratio
High-Low <.01 *
High-Medium <.01 *
Medium-Low <.01 *
Task frequency
High-Low <.01 *
High-Medium <.01 *
Medium-Low <.01 *
Before-task difficulty
High-Low <.01 *
High-Medium <.01 *
Medium-Low <.01 *
After-task difficulty
High-Low <.01 *
High-Medium <.01 *
Medium-Low 0.03 **

*p < 0.01, * p< 0.05

544  Summary

In this section, the analysis is summarized in seofithe hypotheses for this analysis.

Hypothesis 4 — Task familiarity affects finding aefinding

There will be a significant effect of prior taskrf@iarity on the dependent measures task
completion time, number of URLs, number of searcessch ratio, frequency, before-task
difficulty, and after-task difficulty for the Semsil and Session 2 tasks. Specifically, task
completion time, number of URLs, number of searcessch ratio, before-task difficulty, and
after-task difficulty will all be lower/easier faasks with a high level of prior familiarity than
tasks with low familiarity. Frequency will be higihfor high prior familiarity tasks than for low
prior familiarity tasks.

Session had a significant main effect on task cetigpi time, number of URLS, number of searches,
before-task difficulty, and after-task difficulty p<=0.05. However, there was also a significags®n x
Prior Familiarity interaction for task completiame, number of URLs, before-task difficulty, andesf
task difficulty at p<=0.02.
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Session x Prior Familiarity- Post-hoc tests of the Session x Prior Famyiamtieraction revealed several
interesting results. For session 1, high priorilianity tasks took significantly less time than diaem and
low prior familiarity tasks. For session 2, botghhand medium familiarity tasks took about the sam
amount of time as high familiarity tasks in sesslon_ow familiarity session 2 tasks took less titinan
low frequency session 1 tasks, but not signifiganth addition, none of the three levels of pifamiliarity
were significantly different for session 2 in terofanean task completion time. These results atdic
that: one session of experience did not chang&atiecompletion time for high prior familiarity tess
significantly lowered the time of medium familigritasks to that of high prior frequency tasks, and
lowered the time for low prior familiarity tasksytnot significantly.

In terms of the number of URLSs, for session 1, Haghiliarity tasks involved significantly lower ndrars
of URLs than medium familiarity tasks. For sesstothe number of URLs was not significantly chahge
for high familiarity tasks from session 1, but veagnificantly lower for medium familiarity tasksah in
session 1, bringing them to about the same leveéssion 1 high familiarity tasks. Session 2 low
familiarity tasks did involve fewer URLSs than sessil low familiarity tasks, but not significantifhere
were no significant differences between the thegels for session 2 in terms of number of URLs.

Results for the Session x Prior Familiarity intei@c in terms of the before-task difficulty ratinglsow
that for session 1, high, medium, and low priorifeamity all had significantly different before-tks
difficulty ratings — high was rated significantlg®er than medium which was rated significantlyiexas
than low. A similar pattern was observed for sas& — high < medium < low — with all three being
significantly different. The tasks with high pritamiliarity did not have a significantly differemean
before-task difficulty rating from session 1 toses 2. However, both the medium and low taskshdice
significantly different mean before-task difficultstings from session 1 to session 2. These gesult
indicate that medium and low prior familiarity tadbkenefited from one session of experience in tefms
their before-task difficulty ratings.

The after-task difficulty ratings for prior familiéy had slightly different results than the befdask
difficulty ratings. Session 1 tasks with high priamiliarity were rated as significantly easieathtasks
with medium or low prior familiarity. In session tasks with low prior familiarity were rated as o
difficult than tasks with high or medium prior fdrarity. However, from session 1 to session 2ydhé
medium prior familiarity tasks were found to beadasignificantly easier in session 2. No diffeenas
observed from session 1 to session 2 for the highaw prior familiarity tasks in terms of aftersta
difficulty.

Session main effeetFor the main effect of Session, there was afgignt effect on task completion time,
number of URLS, before-task difficulty, and aftask difficulty at p<=0.01. The observed effects ar
similar to those observed in the Session main efi@mmary described in Section 5.2.4 on page 7&mx
that in this analysis, at p<=0.05, there was a ra#fgct of Session on the number of searches.

Prior familiarity main effect- Prior familiarity had a significant main effeattp<=0.02 on the dependent
variables: task completion time, number of URLanbar of searches, search ratio, before-task dif§icu
and after-task difficulty. However, as describeevpusly, there was a significant Session x Prior
Familiarity interaction for task completion timeymber of URLSs, before-task difficulty, and afteska
difficulty at p<=0.02.

Post-hoc tests revealed differences based onfarialiarity. For task completion time, high prior
familiarity tasks had significantly lower mean taskmpletion times than medium and low prior famitia
tasks at p<=0.01. High prior familiarity was sifigantly different at p<=0.02 from low in terms ofimber
of URLs. For number of searches, search ratiareefisk difficulty, and after-task difficulty, dtree
levels of prior frequency were different from eaxther at p<=0.01 (except for the after-task diffigu
comparison of medium to low, which was significahp<=0.05).
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5.5 Analysis 4 — Task Similarity Analysis

Task similarity refers to the similarity of the kafsom Session 1 to Session 2 and is explaineceiaildn
section 4.4.2.5 on page 43. Two analyses of taslasity are presented in this section. Firstaetxand
path tasks (EP-15 tasks) are compared using twoAMIYVAs with Session and Task Similarity as the
independent variables. The analysis of the EP415t&sks is presented in section 5.5.1.

Second, the exact, path, and subset tasks (EP&KRS) tare compared for session 2 only using one-way
ANOVAs with Task Similarity as the independent adfe. Since the subset tasks requested partisipant
find two items in session 1, but one item in sas&ipit is difficult to fairly compare them acrossssion on
measures such as task completion time, and nunhéRlos. However, in session 2, the subset tasks
requested that participants refind one of the tems found in session 1 and can be more fairly eoeth

to the exact and path refinding tasks, which alp@cally asked participants to refind a single iteAs

such, this analysis using only the session 2 datzges a way to see if there is an effect of &isklarity

on refinding. The moved task is not included iis #malysis because of the low rate of successful
completion. The analysis of the EPS-15 tasksdesi®n 2 is presented in section 5.5.2.

These analyses both address Hypotheses 5:

Hypothesis 5 — Task similarity affects refinding

There will be a significant effect of task simitgron the dependent measures task completion
time, number of URLSs, number of searches, seatih, faequency, before-task difficulty, and
after-task difficulty on the Session 2 (refinditepks. Specifically, task completion time, number
of URLs, number of searches, search ratio, befask-difficulty, and after-task difficulty will all
be higher for moved and subset tasks than for exgghath tasks. No difference will be observed
for any of the dependent measures between the andqiath tasks. In other words: Refinding
will be easier if the relationship of the findingdrefinding tasks are “exactly the same” or “on
the same path”. Refinding will be more difficidlthe relationship is “subset” or “moved”.

5.5.1  Task Similarity Analysis of Exact and Path Tak for Sessions 1 and 2

Two-way within-subjects ANOVAs were run on the ERtasks from both Session 1 and Session 2 to
examine the effects of Session and Task Similaritthe dependent variables. Table 32 shows the
ANOVA design.

This analysis examines the effects of factors 8ag®) and Task similarity (I) on the dependentalales.
Data from both sessions is included in this angJymit each task has a fixed value of task sirhjldinat
applies for both sessions. Because this analgsipares data across sessions, only the EP-15aeesks
included (these are the exact (E) and path (P} tas&ept for task 15).

Table 32. Within-Subjects ANOVA for Session x TaskSimilarity (EP-15 S12 tasks)

Source Numeratof Denominator
df df

Session (D) 1 16

Task Similarity (1) 1 16*

DxI 1 16*

*as reported by SAS proc mixed

The results of the ANOVAs are shown in Table 33 dignificant interaction effect of Session x Task
Similarity was observed. The main effect of Taskifarity was significant at p<=0.01 for task corafpbn
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time, number of searches, search ratio, and tasiidaity and at p<=0.05 for before-task difficultyr he
main effect of Session was mainly consistent withrhain effect of Session observed in the Conttolle
Factors Analysis in Section 5.2.

Table 33. Results of Two-Way ANOVA for Session x &k Similarity (EP-15 S12 tasks)

Session Similarity Interaction
(D) ) (Dx1)

F P F P F P
Task Completion Time 12.27 <.01* 8.08 0.01* 1.64 0.22
Number of URLs 7.15 0.02* 0.40 0.54 0.89 0.36
Number of Searches 2.24 0.15 11.68 <.01* 0.27 0.61
Search Ratio 0.09 0.76 35.94 <.01* 0.46 0.51
Task Familiarity 28.21 <.01* 7.80 0.01* 264 0.12
Task Frequency~ 0.04 0.84 0.79 0.39 0.40 0.54
Before-task Difficulty 22.82 <.01* 5.13 0.04* 1.25 0.28
After-task Difficulty 17.05 <.01* 1.34 0.26 0.29 0.59

*p < 0.01, * p< 0.05, ~ see note about task frequency in sedtibd.1

5.5.1.1 Effects of Session x Task Similarity Irtitoa

No significant Session x Task similarity interacatieffects were observed.

55.1.2 Effects of Session

Session had a significant main effect at p<=0.02herdependent variables task completion time, mumb
of URLSs, task familiarity, before-task difficultgnd after-task difficulty. These differences amilar to
those found in for the effects of Session foun8égetion 5.2.3 and are examined in detail on page 69

5.5.1.3  Effects of Task Similarity

Task similarity had a significant main effect atg0<01 on task completion time, number of searches,
search ratio, task familiarity, and at p<=0.05 efobe-task difficulty.

Post-hoc analyses using the Tukey-Kramer adjustmerg conducted for each of the dependent variables
to examine the significant differences of Task &intly. Table 34 shows the means and standard erro
values for each of the dependent variables for Eaa of Prior Familiarity, along with the p-vakiéor

the post-hoc comparisons. Figure 38 shows grafptieeonean and standard error values for eacheof th
dependent variables.
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Figure 38. Task Similarity Effect Mean Values (EP15 S12 tasks)
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Table 34. Task Similarity Mean and Standard ErrorValues (EP-15 S12 tasks)

Exact, n=224 Path, n=121

Mean SE Mean SE p-val
Task Completion Time 83.34 352 106.42 9.03* 0.01
Number of URLs 569 0.31 6.10 0.62 0.54
Number of Searches 0.92 0.11 0.41 0.11* <.01
Search Ratio 0.14 0.01 0.04 0.01* <.01
Task Familiarity 528 0.13 5.76 0.14* 0.01
Task Frequency 5.19 0.13 5.40 0.14 0.39
Before-task Difficulty 538 0.10 5.69 0.12* 0.04
After-task Difficulty 590 0.09 6.03 0.11 0.26

5.5.2  Task Similarity Analysis of Session 2 tasksty

This analysis includes the exact, path, and subsks (EPS-15 tasks) for session 2 only. One-wtyjnw
subjects ANOVAs were run on the EPS-15 tasks fress®n 2 to examine the effects of Task Similarity
on the dependent variables. Table 35 shows the\AA@esign.

Table 35. Within-Subjects One-Way ANOVA for Task Sinilarity (EPS-15 S2 tasks)

Source Numeratof Denominator
df df
Task similarity (I) 2 32

The results of the ANOVAs are shown in Table 3&e Tain effect of Task Similarity on the Session 2
EPS-15 tasks was significant &Q01 for: search ratio, task familiarity, beforskalifficulty and after-
task difficulty and at p<=0.05 for task completittme and number of searches.

Table 36. Results of One-Way ANOVA for Task Similaity (EPS-15 S2 tasks)

Num Den Similarity

DF DF (1)
F P

Task completion time 2 32 4,15 0.03*
Number of URLs 2 32 0.61 0.55
Number of searches 2 32 3.67 0.04*
Search ratio 2 32 6.97 <.01*
Task familiarity 2 32 12.31 <.01*
Before-task difficulty 2 32 10.50 <.01*
After-task difficulty 2 32 9.11 <.01*

*p < 0.01, * p< 0.05

Post-hoc analyses using the Tukey-Kramer adjustmerd conducted for each of the dependent variables
to examine the significant differences of Task &intly. Figure 39 shows graphs of the mean anaddstal
error values for each of the dependent variablehle 37 shows the means and standard error vi@ues
each of the dependent variables for each levebgk Bimilarity. The post-hoc comparisons are shiown
Table 38.
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Figure 39. Effect of Task Similarity — Means and &ndard Error Values (EPS-15 S2 tasks)
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Table 37. Mean Values for Level of Task Similaritf EPS-15 S2 tasks)

Exact Path Subset

(n=107) (n=59) (n=27)
Mean SE Mean SE Mean SE
Task completion time 74.37 4.20 87.08 8.23 102.59 8.55
Number of URLs 5.16 0.37 498 0.69 5.96 0.55
Number of searches 0.77 0.12 0.34 0.12 0.85 0.21
Search ratio 0.13 0.02 0.04 0.02 0.13 0.03
Task familiarity 593 0.13 6.08 0.16 4.74 0.33
Task frequency~ 5.11 0.18 5.42 0.18 6.04 0.27
After-task difficulty 6.15 0.11 6.33 0.12 5.30 0.28
Before-task difficulty 584 0.12 595 0.16 4.78 0.31

~ see note about task frequency in section 4.4.4.1

Table 38. Post-hoc Task Frequency Effects (EPS-82 tasks)

p-value
Task completion time
Exact-Path 0.27
Exact-Subset 0.03 *x
Path-Subset 0.33
Number of URLSs
Exact-Path 0.96
Exact-Subset 0.61
Path-Subset 0.54
Number of searches
Exact-Path 0.05 *x
Exact-Subset 0.88
Path-Subset 0.10
Search ratio
Exact-Path <.01 *
Exact-Subset 0.99
Path-Subset 0.05 *x
Task frequency
Exact-Path 0.46
Exact-Subset 0.05 *x
Path-Subset 0.33
Task familiarity
Exact-Path 0.53
Exact-Subset <.01 *
Path-Subset <.01 *
Before-task difficulty
Exact-Path 0.71
Exact-Subset <.01
Path-Subset <.01
After-task difficulty
Exact-Path 0.51
Exact-Subset <.01
Path-Subset <.01

*p < 0.01, * p= 0.05
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553 Summary
In this section, the analysis is summarized in seofithe hypotheses for this analysis.

Hypothesis 5 — Task similarity affects refinding

There will be a significant effect of task simitaron the dependent measures task completion
time, number of URLs, number of searches, seartit, feequency, before-task difficulty, and
after-task difficulty on the Session 2 (refinditepks. Specifically, task completion time, number
of URLs, number of searches, search ratio, befask-tifficulty, and after-task difficulty will all
be higher for moved and subset tasks than for etagath tasks. No difference will be observed
for any of the dependent measures between the axdgiath tasks. In other words: Refinding
will be easier if the relationship of the findingdrefinding tasks are “exactly the same” or “on
the same path”. Refinding will be more difficdlthe relationship is “subset” or “moved”.

5,5.3.1 Exact and Path Tasks Across Sessions

This section summarizes the analysis of the ERadkstacross both sessions. Significant main effeete
found for Session and Task Similarity. No sigrdfit effects of a Session x Task Similarity interact
were observed.

Session main effeetFor the main effect of Session, there was dfgignt effect on task completion time,
number of URLs, task familiarity, before-task diffity, and after-task difficulty at p<=0.02. Theserved
effects are similar to those observed in the Sassibask analysis described in Section 5.2.4 o 74y

Task similarity main effeet Task Similarity had a significant main effecttask completion time, number
of searches, search ratio, and task familiarify<at0.01, and before-task difficulty at p<=0.05. No
significant effects of a Session x Task Similanitieraction were observed.

Post-hoc tests revealed significant differencewéen the exact and path tasks. Exact tasks haale |
mean task completion time, involved larger numloéisearches, had higher search ratio, a lower raeshn
familiarity rating, and were rated as being haidehe before-task difficulty rating than the p#aisks.

5.5.3.2 Exact, Path, and Subset Tasks in SessiotyZrefinding)

This section summarizes the analysis of the EP&4Ks in session 2 only. Task Similarity had a
significant main effect at p<=0.01 on search raask familiarity, before-task difficulty, and afteask
difficulty and at p<=0.05 on task completion timadahnumber of searches.

Post-hoc tests showed that subset tasks wereaatsidnificantly more difficult than exact or padisks in
both before- and after-task difficulty ratings. bSat tasks were also rated as significantly lesdita than
exact or path tasks. Exact and path tasks wendisantly different in terms of the number of selaes
and search ratio. Path tasks also had a signilfyclaaver search ratio than subset tasks. Exatisthad a
significantly lower task completion time than suttseks.
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5.6 Analysis 6 — Subset and Moved Tasks Analysis

Because of the characteristics of the tasks, theesS) and moved (M) tasks were not includedastrof
the previous analyses. The subset tasks weredietlin the “Task Similarity Analysis of Sessioragks
only” presented in section 5.5.2. This section délscribe additional analyses of the subset angetho
tasks.

5.6.1  Subset Tasks Analysis

There were two subset tasks — task 4 (shoppingweatshirts), and task 7 (San Francisco tourist
attractions). Each task required participantsrnod fwo items of interest in session 1 and theimdedne of
these items in session 2. Table 39 gives the igtistis for each task.

Table 39. Subset Task Descriptions

Session 1 Session 2

Task 4 Look for prices on Women's SweatshirtsFind one of the Women's
Find two possibilities that you might buy] Sweatshirts that you looked
for a gift to a friend or relative. Please | at during the session last
look at at least three different sweatshirtsweek.

from three different places to buy.

Task 7 Imagine that you are planning a trip to | Find one of the tourist
San Francisco, California. Find two attractions or events for San
tourist attractions or events that you Francisco, California that you

might be interested in. Please look at at looked at during the session
least four different attractions or events, last week.

Task 4 was completed successfully by 16 of thedrfigipants in session 1. In session 2, 13 ofithe
participants completed it successfully.

Task 7 was completed successfully by 16 of thedrfigipants in session 1. In session 2, 15 oflthe
participants completed it successfully.

However, as discussed in section 5.5.2, post-tais showed that subset tasks were rated as saific
more difficult than exact or path tasks in bothdvef and after-task difficulty ratings. Subsektawere
also rated as significantly less familiar than éxagath tasks.

In these tasks, participants were allowed to seWath item to refind. Based on participant comtegn
many appear to have selected the item for which ltlael the strongest memory. In addition, manyef t
participants had considerable domain knowledgéopping on-line for clothing. Many participantsekmn
the URLs of Web sites for particular brands oflsiogg and commented that they frequently made
purchases from these sites and/or knew them td geocal quality. These factors may have made refmd
easier than it would be in different circumstances.

5.6.2 Moved Task Analysis

There was only one moved task in this study — 2aglews article). This task required participantéind
and read a news article of interest and then refiadsame news article in session 2. Table 4Gdghe
descriptions for the task for each session.



Robert G. Capra lll Chapter 5. Results 101

Table 40. Moved Task Descriptions

Session 1 Session 2
Task 2 Find and READ news story about world Find the news story that you
news read last week about world
news.

Task 2 was completed successfully by 15 of thedrfigipants in session 1. Only 2 of the 17 pgrtcits
completed it successfully in session 2.

5.7 Analysis 7 — Task-by-Task Analysis

This analysis examines some of the tasks on awithdil basis to explore what resources and stregegi
were commonly used. Analysis of each task is piteskin the sections below. Trends and
summarizations of these analyses are presentée mliscussion in section 6.4.

For each of these task-by-task analyses, only tasitsvere attempted, completed successfully, and f
which there were not problems with the performasicihe task are included in the detailed analysis.
Session 2 tasks that were not attempted and caedpdiering the first session are not included in the
detailed analysis. This is slightly different thiiwe statistical analyses presented in the prexdeasons —
in those analyses, more stringent criteria werd tisat included a condition that the before taskstjons
had to have been answered before doing the task.

In the task-by-task analyses presented in thisosedtbles are presented for each task with inédion
about: the number of participants that attempiteddsk, the number of participants that succdgsful
completed the task, common resources used, tadmsadf the starting strategy used, and an compadto
the starting strategy and resources used in se$siod session 2. Several of these measures soetuohel
in more detail below.

Common Resources Used
This measure lists the top resources that partitip@ppeared to use as the final source for tioenation
and indicates how many participants used each resou

Starting strategy
This measure indicates the strategy that partitspased to start the task and was coded as oheegf t
classifications:

» Godirectly — go directly to a known starting poirithis does not have to be the final destination
of the information, but is an indication that therficipant developed some plan other than to use a
Web search engine to find the information. Theaidéthis classification is that the participant
appeared to have a starting plan for locatingfarination that involved going to a known Web
site that was not a Web search engine. The paatitidid not need to know the full path to the
information, but did need to exhibit behavior thticated a starting plan. The most common
way this was observed were cases when a particgpanéd a task by typing a URL into the Web
browser.

» Search for a resource — use a Web search engineq 8% to locate an on-line resource that will
contain or lead to the information. The idea hethat the participant did not seem to recall a
way to get to the resource, or was unsure of exadtht the name of the resource would be, but
used that a search engine to locate a resourcex@mple is going to a Web search engine and
searching for “yellow pages” as a first step tafirg the phone number for a local business.
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o Example #1. If the task is to find the Web pag®nfStasko at Georgia Tech, then if the
participant searched Google for “Georgia Tech”nthavould be coded as “SE resource”
since the participant was using the SE to locaerthin Web page for Georgia Tech (a
resource), not the specific information asked ifothie task.

o Example #2: For the task to find the score ofrtimst recent Atlanta Falcons football
game, a participant who searched Google for “EqmrtS Score” was classified as
searching for a resource. A participant who use8E for “atlanta falcons score” was
classified as searching for the information. A enoonfusing case was a participant who
used an SE to search for “Atlanta Falcons”. It desided to classify this as a search for
a resource since the specific information type fetavas not included in the search.

»  Search for the information — use a Web search ergitry to locate the information directly. The
idea here is that the participant issued a seartly to directly find the information. An example
is searching for “Mish Mish phone number” in a Wesdarch engine to try to find the phone
number for the local art store Mish Mish. The eliéfnce between searching for a resource and
searching for the information can be subtle.

o Example #3: If the task is to find the Web pag®nfStasko at Georgia Tech, then if the
participant searched Google for “Dr. Stasko Geofgah”, then it would be coded as
“SE information” since the participant was using 8E to locate the specific information
asked for in the task.

S1 to S2 comparison

This measure compares the starting strategy andnesused for each participant in session 1 to the
starting strategy and resource used in sessidrh2se are tabulated with a code that indicatetstfies
starting strategy comparison, then a slash chardttand then a code that indicates the comparisiothe
resource used. The starting strategy comparisdescimdicate if the starting strategy in sessiovag the
same (S), different (X), or started from a mid-pamthe session 1 finding, indicating a “learn€dy
waypoint or URL. The resource used comparison sdut#icate if the resource used in session 2 was th
same (S) or different (X) from the resource useseission 1. Table 41 indicates the combinations.

Table 41. Session 1 to Session 2 Comparison Codes

SIS Same starting strategy on both days
Same final resource used on both days

L/S S2 starting strategy was a waypoint or URL appty learned in S1
Same final resource used on both days

SIX Same starting strategy on both days
Different final resource used in S2 than in S1

L/X S2 starting strategy was a waypoint or URL appédly learned in S1
Different final resource used in S2 than in S1

XIS Different starting strategy used in S2 thasin
Same final resource used on both days

XIX Different starting strategy used in S2 tharsih
Different final resource used in S2 than in S1
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5.7.1  FT1 - Dictionary look up

On both days, dictionary.com was used overwhelmifagl this task, followed by m-w.com. All the
participants on both days used one of these twidaries as their resources, and almost all kivew t
URL to go to the resource directly. On both dajisparticipants who attempted the task succesgsfull
completed it. One participant in session 2 usedNtssearch for www.dictionary.com, but for some
reason ended up using m-w.com to get the definitida participants tried to use a Web search engine
find the definition — a feature that Web searchirmeghave recently started to support.

Session 1 Session 2 S1to S2
n=17 n=17 n=17
Attempted 17 Attempted 17
Completed successfully 17 Completed successfully 7 1
Not attempt or success in S1 17
Resources Resources Strategy diff
dictionary.com 14 dictionary.com 13 SIS 16
m-w.com 3 m-w.com 4 L/S 0
SIX 0
XIS 0
Strategy Strategy XIX 1
Go directly to start resource 16 Go directlgtart resource 15 L/X 0

Search Web for information 0
Search Web for resource 1

Search Web forrimfation
Search Web for resourc
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5.7.2  FT3 — Mish Mish art supply store phone number

Most participants on both days used some type liri@phone directory such as yellowpages.com fiar th
task. Two other strategies were, 1) to use a alch engine to try to find information about thisivi
Mish store, and 2) to look in the Blacksburg Eleoic Village pages. Most participants knew howgto
directly to some type of online phone directory arten presented with a task to find a phone number,
they chose to use that resource. A point to neteiethis task is that for some reason the URL ilogg
program had a problem with occasionally not inabgdihe URL yellowpages.com (the front page to the
yellow pages site) in the log even though a paudict visited this URL.

Session 1 Session 2 S1lto S2
n=17 n=17 n=17
Attempted 17 Attempted 17
Completed successfully 17 Completed successfully 7 1
Not attempt or success in S1 17
Resources Resources Strategy diff
on-line yellow pages 11 on-line yellow pages 12 SIS 9
search engine results 3 search engine results 3 L/s 3
www.bev.net 3 www.bev.net 2 SIX 3
XIS 0
Strategy Strategy XIX 2

Go directly to start resource 9 Go directlytarsresource 12 L/X 0
Search Web for information 6 Search Web forrimfation 3
Search Web for resource 2 Search Web for resourc 2
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5.7.3 FT6 — Find instructions about how to solve #hRubik’'s Cube

The choice of strategy for this task in both sessiwas overwhelmingly to use a search engine telsea
for “rubiks cube solution” or something similar. féw participants appeared to guess a URL
“rubikscube.com” that worked. An interesting agpefcthis task is that while almost all the panints
used the same starting strategy in both sessigsusiiany of them ended up at different resourcéisen
second session than they had found in the firkis illustrates two things: first is that refindican
sometimes involve refinding the exact same inforomafrom the exact same resource, but sometimes
using the same source does not matter as long asftiimation is found. The second point is that
motivating refinding tasks in a laboratory settoan be challenging. This task could have required
participants to refind exactly the same resourdi&g had found in the first session, but that mitdve
required motivating the task more by asking theigipants to read or study things about the pagiab
they would have a background on which to undersktenvdwhy to refind the particular resource (thisswa
done with the newspaper article task in which paréints were asked to read a news article). Shee
participants in this study were only asked to fingdage with a Rubik’s cube solution, the particpiage
did not matter to them on either session. In &lifeasetting, such a task would likely have beeotivated
by trying to actually solve a Rubik’s cube and oaggerson had invested time learning a solutiom fome
Web site, their refinding need might be based docating the same Web site.

In this task, on both days, most participants wsedarch engine to locate a source of informatimutthe
Rubik’s cube and its solution. Two interestingmisi 1) the URLs for the resources are not vesy éa
remember in contrast to searching for “rubiks cyl2¢’'many people searched on both days but endatl up
a different resource on day 2, and 3) the resowrsed on day 2 were more consolidated, perhaps
indicating that people were more effective in tlsgikection of resources on day 2.

Participants did not seem to “learn” a better gatthe target information in this task. Most pagants
simply used a Web search engine again to sear¢hutoiks cube solution” or something similar. Seale
reasons may exist for this: 1) this strategy wdrtke first time and is straightforward and easy to
remember and execute, 2) the URLSs for the resoaneenot very easy to remember in contrast tongsai
search for “rubiks cube solution”. This may beemample of least cognitive effort — it is easier to
remember how to get to the information by remenmagea search string than by remembering a URL. This
is also an example of how the addressibility obinfation [Ram05] may be to remember a path ratieer t

to learn a direct route.

Session 1 Session 2 S1to S2
n=17 n=16 n=16
Attempted 17 Attempted 16

Completed successfully 17 Completed successfully 6 1

Not attempt or success in S1

Resources Resources Strategy diff
lar5.com/cube 4 lar5.com/cube 5 SIS 5
jjorg.chem.unc.edu 2 jjorg.chem.unc.edu 6 L/s 0
jeays.net/rubiks.htm 3 jeays.net/rubiks.htm 3 SIX 10
other 8 other 2 XIS 0

XIX 1
L/X 0

Strategy Strategy
Go directly to start resource 3 Go directly tersresource 1
Search Web for information 14 Search Web foorimfation 15

Search Web for resource 0] Search Web for resourc 0
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574

On both days, ESPN.com was overwhelmingly useti@stain source to find the football score. Almost
all the participants that used ESPN.com went diréctthe site by typing the URL. Only two parpeints
used a different starting strategy in Session A thay had in Session 1 for this task. Four pigdiats

used a search engine to find a resource in Sessi@f these, two of them selected atlantafalcams.c
from the search results and remembered this URhggtirectly to it in Session 2. Interestinglyettwo
participants that used a different starting stnafeg Session 2 switched from going directly to BS¢dm

to using a search engine. A point to note abasttésk is that for some reason the URL loggingymom
had a problem with occasionally not including thelUespn.com (the front page to the site) in thedogn
though a participant visited this URL. Other URltsthe espn.com site appear to be logged correctly.

FT10 — Atlanta Falcons score

Session 1 Session 2 S1to S2
n=17 n=16 n=16
Attempted 17 Attempted 16
Completed successfully 17 Completed successfully 6 1
Not attempt or success in S1 16
Resources Resources Strategy diff
espn.com 14 espn.com 12 SIS 11
atlantafalcons.com 2 atlantafalcons.com 3 L/s 2
sportsillustrated.com 1 sportsillustrated.com 0 SIX 1
other 0 other 1 XIS 1
XIX 1
L/X 0
Strategy Strategy
Go directly to start resource 13 Go directlgtart resource 12
Search Web for information 1 Search Web forrimfation 0
Search Web for resource 3 Search Web for resourc 4
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575 FT11 — Movie showtimes

In this task, participants looked for the startiimge of a movie that they would like to see. Most
participants knew a resource for this informatiod aavigated directly to it. Given that all thetpapants
were college students, it is not surprising thay/tivere familiar with how to find information about
movies. Most participants (11 of 13) used exatttyysame strategy during the second session aslithey
in the first, indicating that participants had atadlished way to accomplish this task. Sevesaduses
were popular, including movies.yahoo.com, regaltiag.com, hollywood.com, and movietickets.com.

Session 1 Session 2 S1lto S2

n=14 n=13 n=13

Attempted 14 Attempted 16

Completed successfully 14 Completed successfully 6 1

Not attempt or success in S1 13

Resources Resources Strategy diff
movies.yahoo.com 6 movies.yahoo.com 6 SIS 11
hollywood.com 3 hollywood.com 2 L/S 0
regalcinemas.com 2 regalcinemas.com 2 SIX 1
movietickets.com 2 movietickets.com 1 XIS 0
other 1 other 2 XIX 1

L/X 0

Strategy Strategy
Go directly to start resource 13 Go directlgtart resource 11
Search Web for information 0 Search Web forrimfation 0

Search Web for resource 1 Search Web for resourc 2
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5.7.6  FT12 — Microsoft stock price

A number of different resources were used for tdé&, especially in the first session. Interespomts
about the second session are: 1) 13 of the 1litipamts used a similar or learned starting strygt&yno
participants used a SE to find a resource. On daghonly a handful of participants were profi¢iand
efficient with this task. For example, in sessime only two participants appeared to know theetick
symbol “MSFT” for Microsoft stock. However, mangpicipants knew some financial related Web site
that they used. Some of these were unexpectedjitetiogical. For example, one participant wenthe
Washington Post Web site in both sessions (posbkixtause they knew that stock quotes are available
printed newspapers). Similarly, one participanini the information at quicken.com in both sessions

Examples:
Go directly to a starting resource = go to Yahod elick on finance link
Search Web for information = search Google for¢idsoft stock”
Search Web for a resource = search Google focksjoote”

Session 1 Session 2 S1ltoS2

n=17 n=17/17

Resources Resources Strategy diff
moneycentral.msn.com 4 moneycentral.msn.com 6 SIS 8
money.cnn.com 3 money.cnn.com 2 L/S 2
finance.yahoo.com 2 finance.yahoo.com f SIX 2
finance.lycos.com 2 finance.lycos.com 0 XIS 0
financial.washingtonpost 2 financial.washingtostp 2 XIX 4
other 4 other 2 L/X 1

Strategy Strategy
Go directly to start resource 10 Go directlptart resource 13
Search Web for information| 4 Search Web forrimfation 4
Search Web for resource 3 Search Web for resourc 0
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5.7.7

This task illustrates an interesting set of findirehaviors. First, the strategy used by almoghall
participants (12 of 15) was to use a Web searcheng locate the main Web site for Georgia Tegkne
though the specific name “Dr. Stasko” was includethe task description. Participants were altlsnts

at Virginia Tech, which has a “people finder” fegwn its main Web page. Thus, Virginia Tech stisle
are accustomed to locating people at the univebsityoing to www.vt.edu and searching for the peiso
name in the people finder. It appears that thistadenodel of how to find people at a universityswa
strong enough to outweigh using a Web search engitrg to directly locate Dr. Stasko’s Web sitene
participant even searched for www.gt.edu, apparentéssing that since Virginia Tech is www.vt.etthat
Georgia Tech might be www.gt.edu. At the timeh& study, Georgia Tech did not have a people finder
feature on their home page, but it did have twkdlithat attracted participants: a “faculty & stdiffk,

and a “site search” link. Many participants trieduse the site search to locate Dr. Stasko’s Vgie p
However, the participants often had difficulty find the correct page in the top search results. Fo
example, the top three results of a site searctDiorStasko” returned links to: 1) “CS7001 Prdjéc-
Anthropomorphic Interface Agents” — a class prgj@gt “GVU Center: People: John Stasko” — a page
about Dr. Stasko, and 3) “Webpage” — a page wiist af courses taught by various faculty members.
Several participants were attracted to the “Webpagd “CS7001” links, but did not try the “GVU
Center” link, which would have taken them to Dragto’s Web page. Several participants tried fdhow
the link for “Faculty & Staff” which was availablen the Georgia Tech home page and also as a drep-do
menu available from any of the Georgia Tech magepa This link took participants to a part of tWeb
site for faculty, not a list of faculty. Despiteese difficulties, 10 of 15 participants during gezond
session continued to use a general search engioeati® the Georgia Tech home page and then finaya
to Dr. Stasko’s Web site. This lends support toittea that people may first decide if they cankiuf a
source to find the information and if so, they ttgnto locate that source. As an indication ofvigirong
patterns can be, one participant who used Googedach for Georgia Tech made the exact samergpelli
mistake in their first search on both days, theyraeed for “georgie tech”.

FT13 — Professor’'s Web site at Georgia Tech

Session 1 Session 2 S1lto S2
n=13 n=13 n=13
Attempted 15 Attempted 16
Completed successfully 13 Completed successfully 6 1
Not attempt or success in S1 13
Resources Resources Strategy diff
gvu.gatech/~john.stasko 3 gvu.gatech/~john.stask 6 SIS 7
cc.gatech/~john.stasko 8 cc.gatech/~john.stasko 3 L/S 0
gvu.gatech/gvu/people 2 gvu.gatech/gvu/people 1 S/IX 5
cc.gatech/gvu/people 0 cc.gatech/gvu/people 3 XIS 0
0 0 XIX 0
L/X 1
Strategy Strategy
Go directly to start resource 0 Go directlytarisresource 0
Search Web for information 3 Search Web forrimfation 4

Search Web for resource 10

Search Web for resour
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5.7.8 FT14 Session 1 — Weather in Madrid, Spain

Most participants went directly to weather.comd¢oamplish this task. All 14 of the participantattkvent
directly to a resource went directly to either viretcom or to the weather pages on Yahoo. The 3
participants that used a Web search engine foumihfbrmation either on wunderground.com or on

intellicast.com.

Session 1
n=17
Attempted 17
Completed successfully 17
Resources
weather.com 12
weather.yahoo.com 2
wunderground.com 2
intellicast.com 1
Strategy
Go directly to start resource 14
Search Web for information 2

Search Web for resource

5.7.9

FT14 Session 2 — Web site for The Record Exctuge

For this task, almost all the participants evemyugbt to the Web page from a Web search engine{15
16). However, not all participants started wittWab search engine. Four participants tried goirecty

to a resource such as the VT home page, an onditav pages, or guessing the URL. Only one o$¢he
four were able to find a link to the Web page fribrair starting resource — the participant who eth#t the
VT home page went directly to the BEV pages anahdioal link for “The Record Exchange” that led them

to “www.penduluminc.com/mm/welcome.htm” which appehto be a music magazine that might
somehow be related to The Record Exchange and enagylieen part of its Web site at some point.

Session 2
n=17
Attempted 17
Completed successfully 16
Resources
SE result> trexonline.com 15
BEV - penduluminc/MM 1
Strategy
Go directly to start resource 4
Search Web for information 12

Search Web for resource

0
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5.7.10 FT15 — Panasonic VCR instruction manual

Task 15 was one of the most difficult tasks. & fiist session, only 5 of 15 participants whorafited the
task were verified to have completed it successfullin the second session, only 9 of 15 participants
reported that they had completed it successfuilye task was difficult because Web search engiites d
not have the manual indexed from within the Paniasateb site and the local search on the Panasdaic s
also did not return a link to the manual. If atiggvant looked for the manual by going to the Paméc
site, they had to notice a key link on the custosegvice page to get to the manuals. If they edtibis
link, the task was fairly straightforward. Howeysrany participants did not get to the key linictick on

it. There was one successful participant who failnedmanual elsewhere on the Web by looking a page
two into the results of a Web search engine. ilteresting that more participants found the mamutne
second session — they may have taken advantabag$ they remembered not working in the first
session. Also, many of the participants in thet fiession may have become frustrated at not fintiend
starting fresh on the second day may have helpd tbcate the information.

Session 1 Session 2 S1lto S2
n=5 n=5 n=>5
Attempted 15 Attempted 16
Completed successfully 5 Completed successfully 9
Not attempt or success in S1 5
Resources Resources Strategy diff
panasonic.com 4 panasonic.com 4 SIS 3
mediacollege.com 1 mediacollege.com 1 L/S 2
S/IX 0
XIS 0
Strategy Strategy XIX 0
Go directly to start resource 3 Go directlytarsresource 4 L/X 0
Search Web for information 2 Search Web forrimfation 1

Search Web for resource 0] Search Web for resourc 0

5.7.11 FT16 — Weather in Blacksburg, VA

Task 16 was one of the easiest tasks. All theégigeints that attempted it successfully completeahd all
went directly to a known source to find the infotioa. The most popular source was weather.cono{12
15 participants). Participants clearly had strpagierns for this task — there was no differenceragrany
of the participants in the starting strategy usedHe task from session 1 to session 2.

Session 1 Session 2 S1lto S2
n=15 n=15 n=15
Attempted 15 Attempted 17
Completed successfully 15 Completed successfully 7 1
Not attempt or success in S1 15
Resources Resources Strategy diff
weather.com 12 weather.com 12 SIS 15
weather.yahoo 2 weather.yahoo 2 L/s 0
noaa.gov 1 noaa.gov 1 SIX 0
XIS 0
Strategy Strategy XIX 0
Go directly to start resource 15 Go directlgtart resource 15 L/X 0

Search Web for information 0

Search Web forrimfation

Search Web for resource 0] Search Web for resourc 0

19 One additional participant indicated that they fathd the VCR manual, but was not included in #rialysis
because it was unclear if they had found it.
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5.7.12 FT17 — Academic calendar

Almost all participants during both sessions sththes task by going to the main Virginia Tech Welge
at www.vt.edu. Only three started with some othBL: one went to the main page for the College of
Business at VT, one used a Web search engineddhieVT home page, and the other went directly to
www.calendar.vt.edu, a site with a calendar of W&régs. The information requested was located in
several different locations on the VT Web site. m8garticipants used the same starting strategy in
Session 2 as they did in Session 1, but endechdm§ the information in a different location digin
Session 2. Participants seemed to require the stegzs (URLS) when they tried to find the inforroati
within the www.calendar.vt.edu site. This allowgtticipants to page through an event calendar doytim
and display a summary of activities in either a,degek, or month view (the default was one day
summary). Thus, participants needed to page thrthgcalendar (i.e. load many URLS) to find thentho
and week in which they expected the activity tddmated. Participants that looked for the inforimain
the academics section were able to find in a istihimportant academic dates. It is interestmgdte
that in Session 2, one participant thought theydothne correct information, but in fact had locatieel
dates from the previous year’s academic calendo, some participants, after going to the events
calendar (www.calendar.vt.edu), took advantageliwikaon the events calendar to the academic calend

Session 1 Session 2 S1lto S2
n=14 n=14 n=14
Attempted 14 Attempted 15
Completed successfully 14 Completed successfully 5 1
Not attempt or success in S1 14
Resources Resources Strategy diff
calendar.vt.edu/main.php 7 calendar.vt.edu/rmpam. 5 SIS 8
academics/.../20032004 4 academics/.../20032004 5 S U 0
academics 2 academics 1 S/IX 4
currentstudents 1 currentstudents 2 XIS 2
academics/.../20022003 1 XIX 0
L/X 0
Strategy Strategy
Go directly to start resource 14 Go directlptart resource 13
Search Web for information 0 Search Web forrimfation 0

Search Web for resource 0] Search Web for resourc 1
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Discussion

This chapter summarizes the main findings of tegearch and presents a discussion of the resuksdh
research question. A preliminary model of seargiree use in finding and refinding based on freqyen
and familiarity is also presented.

6.1 RQ 1 - Differences between finding and refinding

RQ1 — Do finding and refinding differ? Specificaly, are there measurable differences between
finding and refinding in terms of user knowledge/familiarity, perceived difficulty, search engine use,
and task length?

The contributions of my work show that finding aefinding have differences for some types of tabks,
that for other tasks, no significant differencesemebserved. Task familiarity ratings were gergral
higher for refinding tasks and the perceived difiti¢ of a task can have effects on finding andndifig
behaviors. No significant change in Web searchinengse was observed between finding and refinding.
These results have implications for the desigrebifiding tools, Web search engines, and additional
studies of refinding. Tools and search enginesusarthese findings to help identify when a peison
trying to refind information and to provide additel cues and integrate previously viewed results.

6.1.1 Main findings

This section summarizes the main findings for RQ1.

6.1.1.1 Finding and refinding do have differencéemwdefined by Session, but not for all tasks.

Session had a main effect at p<=0.01 on task cdiopléme (session 2 faster), number of URLS (s@Bsi
2 lower), task familiarity (session 2 higher), lrefdask difficulty (session 2 rated easier), andrafisk
difficulty (session 2 rated easier). The Sessidiask interaction was also significant at p<=0 .@ritask
completion time, task familiarity, and before-talKiculty. Post-hoc tests showed the specifiksathat
differed from session 1 to session 2 — these ayersin Table 42.

Table 42. Tasks that were significantly differenbetween the two sessions

Task completion time: Rubik’s cube, professor Web site, and flight reagon
(all faster in session 2)

Task familiarity: Rubik’s cube, professor Web site, grocery phone, ar
(all more familiar in session 2)| store phone, football score, stock price

Before-task difficulty: Rubik’s cube, professor Web site, grocery phorte, ar
(all rated easier in session 2) | store phone, stock price

113
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Five tasks were not observed to be significantifiecint from each other in the Session x Task aution
tests: dictionary, movie times, local temperatuaesdemic calendar, and map distance. Thesertasks
not have differed from each other because partitgalready had high familiarity with many of them.

The lack of an effect of Session on task frequemay expected and is a reassuring result (see hotg a
task frequency in section 4.4.4.1). It was noteeted that in the course of the one week betwessicsel
and session 2 that participants would have chatigettequency with which they did any of the taskiot
finding a significant effect of Session on Frequeisctherefore a good check on the self-reportieghods
used in this study and suggests that the partitspamswered the questions honestly and consistently

6.1.1.2 Finding and refinding do have differencé&mwdefined by Prior Frequency, but not for all
tasks.

High frequency tasks were completed more quickigktfewer URLS, and involved less use of search
engines than low frequency tasks. This indicatéfarence between finding (low frequency tasks) a
refinding (high frequency tasks). One sessiorxpeeience improved the measures of task completion
time (marginally significant increase, p=0.08) ktéamiliarity (p<=0.01), and before-task difficulty
(p<=0.01) from the session 1 measures.

6.1.1.3  Search engine use was not observed to elfam the first session to the second session.

No significant main effect of Session or interactédfect of Session x Task was observed for ettiner
number of uses of search engines, or for the ddtibe use of search engines to the total numbpagés
viewed. The lack of an observed effect of Sessipsearch engine use is evidence that particighatsot
change their information seeking strategy for a&gitask from session 1 to session 2 (at leastnmstef
how they used search engines). While the lackafteserved effect does not guarantee that theteffec
not present, this result is an interesting indarathat users may use similar strategies to refifadmation
as they did to find it. This result also addressésdamental issue in the study of informatidimdeng —
do users prefer to use search engines to refindnation, or do they try to retrace their previsteps?
The results here indicate that users may haverpatté access that are used over and over. Additio
studies need to be conducted on larger sampleseo$ to draw strong conclusions about this pofat.
observation about “known resources” is made basatedata from this study — if people know a tdéa
resource, they will be likely to try it as a stagistrategy rather than using a general Web semgine.
Many uses of on-line counterparts to paper resswsueh as telephone books and atlases were observed

6.1.1.4  Most tasks were completed in a similar amofitime in both sessions.

Looking at the post-hoc analysis of the SessiomsKlinteraction shows several important pointsstfFi

the mean task completion time was slightly lowernfmst tasks in the second session, but not sogmitiy

so. Most of the EP-15 tasks on both days tookvenage 50 to 100 seconds to complete and manyadid n
differ significantly in terms of mean task comptetitime. This can be understood by considering tha
most of the EP-15 tasks were directed informatindifg tasks that asked participants to locate one
specific item such as a football score or phonebmamm The two tasks that took significantly moredi

than the others were the task 18 (map distance)amhdb (flight reservation). Each of these taskmiired
multiple steps so it is not surprising that thegktonore time than the other tasks.

Only three tasks had significantly different measktcompletion times from session 1 to session 2:
Rubik’s cube (task 6), professor Web site (task &8y flight reservation (task 5). One possibisom
that the task completion time did not differ for shtasks from one session to the other is thaicfjzats
were already familiar with many of these tasks sagtooking up movie times, dictionary words, aocil
temperature information. In these cases, therehaag been a ceiling effect — participants hadadlye
reached a high level of proficiency with these $als&fore participating in the study and thus weeoled a
consistent level of performance in both sessidrtss illustrates a limitation of using task compettime
as a dependent measure — perhaps users would fikel the weather faster, but have already reathed
minimum time using current technologies. Fututeligs should include user satisfaction and affectiv
measurements to better understand users’ happintbsand wants for refinding tools.
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6.1.1.5 Participants perceived changes in famitigreven though task completion times did not
improve.

A group of six tasks differed significantly in tesrof task familiarity ratings across the two sassio
Rubik’s cube (task 6), stock price (task 12), psefe Web site (task 13), football score (task aff)store
phone (task 3), and grocery phone (task 8). Atheke six except for the football score task hbst
significantly different before-task difficulty raujs from session 1 to session 2. These tasks ajmpea
tasks that participants either gained a lot of Famify with from the first session, or for whichey initially
overestimated the difficulty. It is important tota that these six tasks were among the sevenwditkthe
lowest familiarity ratings in session 1 — thus,sthevere the tasks that had the most room for ingrmewt
in terms of familiarity. Tasks which participamitad high prior familiarity in the first session didt
benefit significantly from the experience gainedhia first session.

6.1.2 Interesting observations

In this section, interesting observations aboudifigs for RQ1 are discussed.

6.1.2.1  Task familiarity for unfamiliar tasks waliuenced by only one session of experience.

Two tasks are interesting to explore in relatiopéoceived task familiarity. First, consider thebik’s
cube task (task 6). In one sense, this can bigladasy task once a user realizes that typingoiRa cube
solution” into a Web search engine will return maalevant Web pages. However, this task had the
lowest mean familiarity and the most difficult mdagfore-task difficulty rating of all the EP-15 kas
While it is not surprising that participants rematthat they were not familiar with the locatioradiVeb
page with instructions on how to solve the Rubddbe, it is interesting that they thought that thdasild
be a difficult task. In the session 2 ratingsgiaftarticipants realized how easy it was, the ntask
familiarity and mean before-task difficulty ratingere similar to the other tasks. The mean task
completion time for this task was lower for ses2athan session 1, indicating participants did abtu
improve their performance on this task. It is eaclexactly why participants initially thought thisuld
be a difficult task. Almost all the participantsed a search engine for this task, indicatingttigt knew a
good strategy. Perhaps in relation to things diperts scores, phone numbers, and weather infamtitis
type of information seemed harder to locate, withpossibility that it might be hard to find.

Second, consider the flight reservation task. regéngly, this task had low session 1 familiarfiyf did
not have a significantly higher familiarity for sésn 2. This may represent a task that particgphat
difficulty learning in just the one session andntsiout an interesting aspect of information refigd- that
some tasks that seem difficult at first may be @asgmember how to do, but that other tasks mayire
more learning to become familiar with how to dontheThis is an interesting area for future research
tasks that are easy for people to remember how them may not benefit as much from refinding tass
tasks for which people have trouble rememberingitbefor which they learn to perform them more
slowly. Itis likely that the tasks that were eadb learn had analogs that participants weradire
familiar with but did not realize it at first untihey had performed the task once. For exampdeRtibik's
cube task can be a fairly easy task once a usizag#hat by typing “Rubik’s cube solution” intovdeb
search engine that many relevant results will lhermed. However, in contrast, finding a flighteegtion
can be a complex, multi-stage task and may be petas more difficult when becoming familiar with
how to do it.

6.1.2.2 Perceived difficulty and perceived famitiaare not always inversely related.

Consider a task that illustrates a point aboutlifference between the before-task difficulty measand
the task familiarity measure (also measured befwrdask). The map distance task (task 18) had a
significantly higher mean task familiarity in sessi2 than in session 1, but did not have a siganitiy
higher before-task difficulty rating. It also hadgignificantly lower task completion time in sess? than
in session 1. This may indicate that participéatiter understood the task during session 2, btittiey
knew it to be a difficult task due to the complgiitherent in the task (it required several stef®)is
raises an interesting point about the complexitiaeks in finding and refinding: for some tasksens may
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realize that they will have to repeat all the stepefind the desired information, but for othasks, they
may recognize that they can use a shortcut to “furapk to particular point in their search process.

6.1.3 Implications

The contributions of my work show that finding aefinding have differences for some types of tabks,
that for other tasks, no significant differencesemebserved. By recognizing that some types dfidafg
are different from finding and that other typesefinding are similar to finding, tools, search g, and
PIM research can benefit. For example, my resuligest that for tasks that users are familiar, whitt
they are likely to have well-known patterns andtegues for re-accessing the information. Refigdin
tools may not need to help users with these taskey-already know how to do them. This is an
interesting point because several previous resgagjacts attempted to help users create shorttguts
frequently accessed information. These resultgesighat users may already have established foths
these types of information. A related questiomisat triggers a user to change their access pdtiea
piece of information? Perhaps as the value ofrtfeemation access path becomes greater, or asstre
realizes the importance of the information, thel take the time to create a shortcut or find aenor
efficient access pattern. Aspects of this questi@nexplored further in the model of refinding &ebr
presented in section 6.5. Similarly, recogniziagks that users are likely to have trouble refigdénan
important part of developing effective refindingte. My results showed a set of tasks for whickrsis
improved significantly from session 1 to sessiontBese tasks should be examined further to see if
longer gap between finding and refinding still maproved performance, or if users need help refigdi
these types of information.

Search engines can benefit from recognizing ditins and similarities between finding tasks and
refinding tasks. By recognizing that a persorttismapting to refind information, search enginesldou
provide additional cues to help users. Additionadls part of the finding process, search enginaklc
provide additional information and context thatl\uiélp users in a later refinding process. Foingda,
some search engines are starting to subdividetsdzaged on the type of resources (e.g. Web pphere
book, movies, etc.). Search engines could alsagréze when users are re-issuing the same or simila
qguery and highlight previously explored resultsniiir to the ideas explored in the ScentTrails wairk
Xerox PARC [OCO03]), or allow users to save quefiegeuse (A9.com offers a similar feature through
their toolbar application).

The examples of how task familiarity for unfamiliasks was influenced based on one session of
experience (see section 6.1.2) illustrate an ingmbdesign point for refinding tools — a participan
perceptionof how easy or difficult a task will be may affébe strategies they use and decisions they make
about if and how they can relocate specific infdiora The actual difficulty may be quite differeénbm

the user’s perception, but if the user feels thetd is a large cognitive distance between thek g@al and

the refinding mechanisms provided by an availabdg, they may not attempt the refinding using toat

and might try a different approach or drop the t&isbgether.

Thus, refinding tools need to help users understarat tasks they can help with and accurately cptwe
users the types of resources and information availaOne step in this direction is visibly disptaythe
set of databases over which a search will be caadusuch as is done on the A9.com Web site. Bn th
site, a list of databases such as “Web”, “booksipties”, “yellow pages” is presented with check &®x0
allow the user to select which databases to includlee query. However, such interfaces still fHuwe
challenge of helping users map the myriad of pdssiber tasks onto what needs to be a relativelplsi

initial search interface.
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6.2 RQ 2 - Task Differences

RQ2 — Does task and familiarity with a task affecfinding and refinding? What types of tasks are
easy and which are difficult? Specifically, how ddask and task familiarity (knowledge of how to
perform the task) affect user knowledge/familiarity, perceived difficulty, search engine use, and task
length?

My work contributes to this research question byvghg that task is an important factor for bottdfimg
and refinding tasks. Furthermore, not all taskeeveifferent from finding to refinding (i.e. theveere
Session x Task interaction effects). These resaltonsistent with results from information sceenc
literature in which task was found to be an impatrfactor to consider when studying informationkieg
behaviors [WRM+02] [TFK+03]. In my study, tasksnedound to fall into three general categoriesrlyfa
easytasks which participants were familiar withifficult tasks that involved several steps or topics with
which the participants were unfamiliar, andnagdiun set of tasks that were in-between the easy and
difficult sets. Task affected the use of Web deamgines and prior familiarity with a task alsa ha
significant effects.

6.2.1  Main findings

6.2.1.1 The task being done does have an effdatding and refinding, but some tasks were similar.

Task had a significant main effect at p<=0.01 ¢nhe&l dependent variables. However, as describdukei
summary for RQ 1 in section 6.1.1, there was alsig@ificant Session x Task interaction for task
completion time, task familiarity, and before-takfficulty at p<=0.01. Post-hoc tests showed gwhe
tasks had similar dependent measures. One reasting may be that many of the tasks includedhis t
study were well defined, directed tasks to finghacsfic, single piece of information.

6.2.1.2 Tasks tended to fall into three groupssyeaedium, and hard.

Four tasks tended to have mean values for the depérariables indicating that these tasks wereeas
than other tasks: task 1 (dictionary), task 11Viméimes), task 16 (local temperature), and task 1
(academic calendar). Four other tasks tendedve meean values for the dependent variables indigati
that these tasks were harder than other taskk:5téBght reservation), task 6 (Rubik’'s cube)kal 3
(professor Web site), and task 18 (map distan€ag remaining tasks tended to group together in the
middle of the rankings of the mean values for thpehdent variables.

Table 43. Tasks with low and high dependent measeivalues

Low/Easy High/Difficult
Task Completion Time 16,1, 6, 3, 17 18,5
Number of URLs 1,10, 16,6, 3,11,8 18
Number of searches 16,17,1,11,10,8,3,5 13,18
Search ratio 16,17,1,5,11,8 18, 13,6
Task Frequency 16 6,12,5
Inverse Task Familiarity 17,11,1,16 6,12,13,5
Before-task difficulty 11,1, 16 5,12,18, 13,6, 3
After-task difficulty 11,17,6,1, 16 18,5
Summary 1,11,16, 17 5,6, 13,18
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6.2.1.3 Task had a significant effect on searchrengse.

There was a main effect of Task on number of searelnd search ratio. Task 6 (Rubik’s cube), t8sk 1
(professor Web site), and task 18 (map distancgn@are search use than other tasks. These tas&s we
well suited for a search engine for two main reasdfirst, the task description contained specific
information that would be likely to lead to thednfnation requested by the task. For example, ‘Reibi
cube” is a distinctive name that would be likelyrédurn pages from a search engine about the Rubik’
cube puzzle. In the task to find a professor’s iy the name of the university (Georgia Tech§ wa
included in the task description and was often @sed search engine query to locate a startingireso

In the map distance task, Web searches were oftele to help find the address of the two endpoints.

6.2.1.4  Familiarity had significant effects on fing and refinding.

Prior familiarity had a significant main effect@=0.02 on all the dependent variables. Tasks kigh
familiarity had lower task completion times, invet/fewer URLSs, fewer uses of Web search enginek, an
were perceived as easier in both before- and &ftdrdifficulty ratings.

There was also a significant Session x Prior Faniliji interaction for task completion time, numioér
URLs, before-task difficulty, and after-task diffity at p<=0.02. In the Session x Prior Familiarit
interactions, typically there was no gain from g@s4 to session 2 for the high prior familiarigsks, but
there was improvement for the medium and low daamiliarity tasks.

6.2.1.5 Familiarity with a task affected search ieleguse.

Prior Familiarity had a main effect on both numbgsearches and search ratio at p<=0.01. Postestx
showed a significant difference among all threelewf Prior Familiarity for both number of searstand
for search ratio at the p<=0.01 level. No sigrifitSession x Prior Familiarity interaction wasexsd
for either number of searches or search ratio.

These are important results that show that primilfarity has an effect on search engine use tbasdot
appear to change from session 1 to session 2.eTheslts suggest that search engine use is imyerse
proportional to prior familiarity for a continuuni tasks from familiar to unfamiliar.

There is still an open question about how familjacthanges over the long-term. In this study, many
participants rated tasks in session 2 with higagiilfarity measures than they rated them in seskjdiut
this familiarity increase was only for a one-weigket gap between finding and refinding. This shertna
increased familiarity did not appear to affect shangine use (recall that prior familiarity — féienity as
measured in session 1 — was used to measure g efffamiliarity on search engine use). One
possibility is that if a familiarity with a task wanaintained over a longer period of time (e.g. tmanths)
that the search engine use might also change. VYwiéthe task was not performed very often and
remained unfamiliar, then search engine use mightiacrease for the task. This would be an intieiges
aspect of refinding to explore in a future study.

In this study, familiarity was measured by the dgioes‘How well do you know how to get to the
information?” There may be some tasks that forchviieople always chose to use a search enginejfeven
they do the task fairly often. It is a valid questto wonder how a person would rate their famitijawith
where the information is located for such a taskmce they always use a search engine to firiday;

might say that they don'’t really know where itiie (they don’t know the absolute address of the
information — the URL). However, they might sagttthey do know where the information is, or astea
that they know “how to get to the information” sinihiey have aa priori plan that they use to arrive at it —
their plan just happens to include the use of ecbeangine. A user following this plan probablasmtes

for the same keyword string each time and may &wew the location of the target in the search tesul
page. This subtle distinction in the wording & tiuestion “Do you know where the information is
located?” versus “Do you know how to get to theinfation?” could have an effect on the responses in
the situations outlined above and would be anéstarg topic to address in a future study.
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6.2.2 Interesting observations

Some observations about task differences and sitig&a

» All participants knew a dictionary URL

* Most participants knew an on-line yellow pages URL

* Most participants knew a movie listing Website

* Few patrticipants knew how to find a stock price.

* Many participants were not familiar with makinggfiit reservations — possibly because all the
participants were students at Virginia Tech andynérginia Tech students are from areas of
Virginia within driving distance.

It also appears that people have fairly strong risodiethe Web and how particular types of Web sites
work. For example, participants appeared to exibedtuniversity Web sites would have some type of
“people finder” and that major retail stores wobl/e some type of “store locator” feature on the
corporate Web site.

While working on this study, six major ways to refiinformation on the Web became apparent:

1) remember the URL

2) remember a sequence of links

3) create a bookmark or shortcut

4) remember a specific string for a Web searchrengi

5) remember a starting point / waypoint

6) start from scratch and find it again (i.e. rdfing = finding again)

6.2.3  Implications

My research shows that task is an important fact@onsider not only for finding, but also for refing.
The results are consistent with prior researchiimftrmation seeking and extend the importancesk to
refinding. In addition, prior familiarity with aask is also an important factor that affects refigd
behaviors.

These results have implications for the studymdifig and refinding and also for the design ofgool
Given the importance of task, it is important tmsider taxonomies of tasks when studying finding an
refinding. In my study, a set of 18 tasks weredligped based on empirically gathered data abowtiénet
and infrequent tasks done on the Web. A betteerstanding of what tasks are similar is needed,
especially for the study of personal informatiomagement. Many PIM tasks are similar in that tey
well defined and typically focus on locating a sfie@iece or pieces of information. However, whiaf
these types of tasks are related and along whigiré&c My research begins to shed light on thistijoe
(see Table 43 in Section 6.2.1.2), but more woreisded to more fully understand the space of RBYst
Existing taxonomies such as [BJW+99] [MPCO01] [Brp@& good starting points for exploration.

Tools for finding and refinding are likely to beitdfy recognizing and considering the type of thskg
performed. For example, tasks that are complerquire several steps may benefit more from shtertcu
and tool assistance than easier tasks. Taskanhakerceived to be difficult also may benefit from
additional cues and subdivisions of informationsgrgation. Tasks that involve searches could ienef
from features to save and re-issue previous semgfebto highlight the results that were explored.

One session of experience often led to large ise®a perceived familiarity. In the Session »oPri
Familiarity interactions, typically there was ndrghom session 1 to session 2 for the high prior
familiarity tasks, but there was improvement fag thedium and low prior familiarity tasks. Thisults
indicates that that one session of practice apgeansrease participants’ performance on the tasks
some cases to the level of a participant with Ipigbr familiarity. Practice effects are well-knowaspects
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of HCI studies and are an important aspect to dendioth in the study of refinding and for implertieg
tools to help with refinding.

In this study, tasks were mostly directed taskiin a single piece of information and may haverbeasy
to gain knowledge of in just one session. Timal$® an important factor. The two sessions foheac
participant in this study were scheduled aboutweek apart. These results suggest that for atditec
refinding task to find a single piece of informatiwithin one week of finding that people are allenake
good use of their memory of the finding experienEature work should examine how this would chaifige
the time between sessions were much greater évgrad months).

6.3 RQ 3 - Finding to Refinding Relationship

RQ3 — How does the relationship of the refinding tsk to the finding task affect the refinding
process? Specifically, does it affect user knowledfamiliarity, perceived difficulty, search engine
use, and task length?

My work makes several significant contributionghs area. The study of refinding as a distincicess is
new and the distinctions of exact, path, and sudrsetontributions to the study of refinding. Ressaf

my research indicate that refinding moved or del@&ms can be so difficult that users may abaritlen
attempt, or not try at all. Refinding an item fransubset task took longer and was perceived as mor
difficult and is an area that should be studiedhfer. My results on tasks to refind informationtba same
path may have been affected by an unintentionalibi¢ghe task grouping that was not discovered threi
analysis stage. However, these “path” tasks dtefkinterest and may orient toward resourceg tha
contain sets of valuable information and thus maynore familiar and require less use of Web search
engines.

6.3.1  Main findings

6.3.1.1 Refinding moved/deleted items is vencdiffand may be impossible in some cases.

Only two of 17 participants were able to refind tieavs story they had found in the first sessiohis T
indicates that tasks where information is movededeted from the location that it was found cavéey
difficult for users.

6.3.1.2  Task similarity does appear to affect mdifig, but the results for path tasks are unclead an
more studies of task similarity are needed

In the analysis of exact, path, and subset taskssaion 2, Task similarity had a significant meffect at
p<=0.01 on search ratio, task familiarity, befomekt difficulty, and after-task difficulty and at $&.05 on
task completion time and number of searches. Tiferehces observed fell into two main groups:
differences of the path tasks on search engineanskglifferences in which subset tasks were mdfieult
than exact or path tasks. As discussed furthérarsection below, the differences of the pathgask
terms of search engine use may have been causedrigntional bias. However, it is also possibiatt
path tasks tend to be oriented toward resourceéh#ive sets of information and are more familiangers
and thus have less use of Web search engines.teBathshould be examined further in future studidse
differences between the subset tasks and the areqtath tasks suggest that refinding an item et
may pose special challenges and should be stuglitf.

6.3.1.3  Potential task bias — path tasks had maoefef use of search than exact tasks

An interesting result in both analyses of task ksirity was that number of searches and searchwaie
both significantly lower for path tasks than folmektasks. This is interesting because the exatpath
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tasks were not expected to be very different imgeof their dependent measures. Path tasks diftarky
in that they requested slightly different infornaatiin the session 2 task than in the session 1 fask
example, a session 1-path task might be to fingblmme numbefor a business, and the session 2 task
would be to refind thaddresgor the same business.

In addition, in the analysis of exact and pathdaskross the two sessions, path tasks were ratedras
familiar and were perceived as easier in the befask ratings, but took longer. These differeruetsveen
exact and path tasks in terms of task completioe ttask familiarity, and before-task difficulty rgenot
observed in the analysis of the EPS-15 sessiogk® fa section 5.5.2.

When trying to understand these results, a potdritia was found that was unintentionally introdiice
when the tasks were created. The path tasks Weeslks that the author could easily think of tsimilar
pieces of information that could be found on theeanformation path. For example, the Virginia fiec
academic calendar included datesdpring breakand for thdast day of classesBy creating the tasks this
way, these tasks also share a common propertyHsatinintended — the author was able to easilk iiin

a source with two similar pieces of information.isllikely that participants were also easily ataolehink

of these information sources and this would explaiy these tasks have lower search engine usdtiban
other tasks and were rated as more familiar. Hewes noted earlier, it may be that path tasks tere
oriented toward resources that have sets of infoaomand are more familiar to users.

This potential bias affects the analysis of tagkilarity. The differences between exact and path a
between subset and path may be due to this bizeridian due to the presence of an actual effsat.
implication of this is that experimenters must leeycareful when designing tasks for finding and
refinding. This possible bias was introduced soapletely unintentional way and was not realizetil u
the data analysis stage. However, the comparisetrgeen exact and subset tasks provide interesting
results that indicate that subset tasks were miffieutt than exact tasks. Additional studies shibfurther
examine task similarity to investigate possibleetff of exact, path, subset, and moved tasks.

6.3.1.4 Refinding subset tasks were perceived as difficult and took longer than exact tasks.

In the analysis of task similarity for sessiont® subset tasks had a significantly longer medn tas
completion time than the exact tasks (p<=0.05)e 3iibset tasks also had significantly lower famiflia
and more difficult before- and after-task diffiguiatings (p<=0.01) than the exact tasks. Thesglte
indicate that refinding an item from a set of sanitems (as in the subset tasks) can be moreuliffitnd
is perceived as more difficult than refinding agsinitem (as in the exact tasks).

There are several important points to note abasirésult. Only two subset tasks were given to
participants and each of the subset tasks invdineéhg two items in session 1 and then refinding of
the two in session 2Participants were allowed to seleeghich of the two items to refind in session 2.
Based on participant comments, many appear to $eleeted the item for which they had the strongest
memory. Refinding a particular item from a larget of found, similar items is expected to be anev
more challenging problem. For example, peoplendfitewse the Web looking for information about a
topic or find information about a purchasing demisi As they browse, they see many pieces of simila
information located on many different Web pagesVfab sites. Trying to refind a single page or item
some time after such a browsing session can bechaienging. Additional research on refinding seils
of information is needed.

6.3.2 Interesting observations

One of the subset tasks was to find two sweatdthiattsthe participant would be interested in buyasc

gift for a friend. As part of the task, participgamvere asked to indicate the name of each swezdstu

why they had selected it. This information wasuesjed to help engage the participants in the table.
participants in this study were all undergraduategirginia Tech and many appeared to have corsider
domain knowledge of shopping on-line for clothifgany participants knew the URLs of Web sites for
particular brands of clothing and commented thay frequently made purchases from these sites mnd/o
knew them to be of good quality. This task algstrated some domain terminology that the authes w
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not aware of prior to the study, but that manyhef participants seemed well versed in — hooded
sweatshirts are commonly referred to as “hoodiddiis type of domain knowledge can be particularly
important in finding tasks. Differences betweemadm experts and novices are an important area of
research in information science [Wil04] [HS00] [JO.

6.3.3  Implications

Next to refinding moved information, refinding abset of information when a larger set of related
information was found may be one of the most diffitypes of refinding tasks for many people.

Refinding an item or items that were found alonthwi set of many other similar items was perceteed
be more difficult and took longer than other taskéiese types of tasks that involve refinding asstilof
similar items that were found appear to be amoagrhbst challenging refinding tasks. Future studfes
refinding should consider these types of tasksaea to be examined in more depth.

Tools for finding and refinding are likely to beiddy recognizing and considering the similarityeofask
from finding to refinding. For example, tasks thatolve refinding a subset of information that veaen
previously could benefit from special interfacestiow users to quickly scan sets of Web pagegand
highlight distinguishing features among the itemghie set. Tasks that involve information that imased
or that has been deleted from the Web could befnefit tools that either automatically archive certa
types of information, or that make it easy for sgersave selected information. One idea woultbbe
incorporate a button on Web browsers that allovesaut turn on and off “recording” of the Web pages
that they view.

Constructing tasks for use in controlled studies @fficult task and care must be taken not toouhiice
biases. Even though the tasks in my study wereldped with the help of an empirical study of frequ
and infrequent tasks done on the Web, a potentaldxists when considering the path tasks aswgpgro
This bias may be a natural characteristic of theiging, or may have been introduced unintentionally
when the tasks were created.

6.4 RQ 4 — Task Details and Strategies

RQ4 — What strategies are used in finding and refinhg? Are there observable patterns of strategy
use across types of tasks or from finding to refinidg for a single task?

The contributions of my work indicate that usershdoe patterns of access that are followed for many
types of tasks and that users are well versedsmall) set of Internet resources (i.e. they knogvWWRL
for these sites and can type them directly intoeb\WWrowser to teleport to the site). Many of tHesawn
resources are Internet counterparts of longstanutipgr resources such as dictionaries, phone books,
newspapers, and maps. In addition, particpangémafsed the same starting strategies to refindcemf
information that they did to find it. In additiothere were cases in which participants used shsror
waypoints they appeared to have learned from titbrig process to help simplify the refinding. In
addition, often users ended their refinding atstime resource they used when finding. Howevegine
cases, the location of the particular resource dgkdot matter and the information was “refoundin a
different resource than it was found. This is maneple of the fungibility of information.
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6.4.1  Main findings

6.4.1.1 Users have a set of known Web sites, nfaamg dnternet counterparts of common real-world
resources

For some tasks, few significant differences wersmtbamong them in terms of search engine use: ltask
task 5, task 8, task 11, task 16, and task 17.aFFtiiese tasks, participants appeared to haveark Web
site that they knew would contain the informatiaing requested, and thus, did not make much use of
search engines. A summary of these tasks, thiztidrzal resource and the Internet resource are show
Table 44 below.

Table 44. Traditional and Internet Resources

Task Task Traditional (Pre- Internet Resource

Number | Description Internet) Resource

1 Dictionary Dictionary dictionary.com, m-w.com

5 Flight Travel agent on-line travel agencies
reservation

8 Grocery store Yellow pages on-line yellow pages (e.g.
phone yellowpages.com, smartpages.com)

11 Movie times Newspaper — Portal/Movies Web site (e.g.

Entertainment section | movies.yahoo.com)

16 Local Newspaper / Phone ling  weather.com
temperature

17 Academic Academic handbook vt.edu Web site
calendar

Each of these tasks has a strong pre-Internet ctiango an information source. These well-known,
sources have been put into electronic form onritermet and people appear to still “go to the ressu
when looking for the corresponding types of infotima

6.4.2 Interesting observations

When trying to refind information about touristratitions in San Francisco, one participant had a
particularly interesting interaction sequence.strithey remembered a specific thing to search figold
rush trail tours san fransico [sic]". They trie¢daut did not spell "San Francisco” correctly.eTh
participant was audibly disappointed that the djget@ur that she had remembered to search fondid
show up. Instead of clicking the "Did you meamikliat the top of the Yahoo search results, shekedr
again, this time just for "san fransico [sic]"lIstisibly struggling with the spelling, even thduthe "Did
you mean" link showed the correct spelling. Iniigothe second search string, she first typed, "san
franciso [sic]", and then "corrected" herself wittan fransico [sic]". This incorrect spelling "fiico”
may have been reinforced because the top seandhfresn the previous search had the words "san
fransico [sic]" highlighted (because even thoughfitst search was misspelled, it matched Web p#upss
also had the same misspelling). When the restitteecsecond search came up, she realized thistillas
not correct and was audibly frustrated. At thi;mpashe started to try to correct the spelling] anticed
the "Did you mean" link with "San Francisco" anitlkéd on it. From this results page, instead yihg to
re-formulate her original query about the gold rtrslil, she clicked a Yahoo link to a city guide fean
Francisco and arrived at a page of San Francisartbns. This page had a link and informatioawtb
Alcatraz Island, another attraction she had vieamthe first day. On the task information forme $itied
in information about Alcatraz instead of continutegsearch for the gold rush trail.

This is an example of several things:
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» Spelling affecting search and retrieval

» Aids presented by the search engine failing t@ettihe user (the "Did you mean” aid) until
after several attempts and a reformulation of tiigiral query

* The difficulties in motivating an information ne&dcontrolled studies.

It appears that the participant chose a differéraetion than the one she originally thought ofdaese she
happened to find a different one sooner. Perhap®gen abandoned looking for the gold rush tfteka

the initial search failed to find it and decidednpfor a more general approach (i.e. "San Fraont)sust

to refindsomethinghat she had found during the first day sess®imilar issues were reported by Fidel et
al. [FDD+99] in a study of high-school students winere given assignments to use the Web to search fo
information for about plants. The investigatorsedved that in some cases, “it was not unusuahfam

[the students] to change their minds about thecssdeplant if they thought they could not find teguired
information about the chosen one” [FDD+99, p. 28].

Another interesting interaction sequence occuroedhfe Mish Mish phone number task. In this cése,
participant went to Google and searched for "MigkhVArt Supply Store". Many results came back, but
none for Mish Mish specifically. At this point,ehparticipant changed strategies and typed in RRe U
“yellowpages.com”, searched there, and found tlemgmumber. However, in the first Google search
results page, several of the summary descriptiarntb@results page had text indicating the name and
phone number (i.e. "Store Name, Blacksburg, VA |585-1234"). This is an example where it appears
that the user fixed on the idea of finding a paittic type of resource, such as the Web site fohN{ssh,

and did not even notice the presence of the desifedmation on the search engine results pagkohJa
Nielsen [Nie06] has commented on how the inclusibimformation in search engine result summarigs ca
sometimes reduce users “clicking through” to gthesWeb site containing the information since it is
displayed in the search results summary, altholighvtas not the case in this example.

6.4.3  Implications

People tend to follow similar patterns of accessriany refinding tasks as they did when they oétiyn
found the information. In addition, people havdlsgstablished methods for accessing particulae$ypf
information.

Tools to support refinding might benefit by recayng patterns of access. Several existing toole ha
explored this, but mainly to help create shortéotdrequently visited sites. For example, severajects
have attempted to help point out connections betwieeuments in a user’s personal information space
(e.g. RememberanceAgent [RS96], MarginNotes [Rhadd] Haystack [AKS99]). While these are
potentially useful, many users are likely to alnehdve established patterns of access for infoondtiat
they re-access frequently. They may get more litefn@fn having refinding tools recognize when ttaeg
recreating an infrequent pattern of access thatingigate a refinding attempt.

The observation that people have a set of knowsuress that they refer to on the Web for partictypes
of information has important implications for fimgj and refinding. In my study, participants were
observed teleporting directly to on-line dictioras;i yellow pages, movie timetables, weather inftiona
services, and sources of academic information.sd@ hesults indicate that people maintain the naifon
going to a resource on the Web, even when seagihemare available. Recently, search engines have
begun integrating additional resources and “seagctover multiple resources for a single query.r Fo
example, search engine A9.com allows users to Isesar the Web, movies, yellow pages, and many
others sources and then presents the results ispager-style columns, separated by resource t#pe.
search engines evolve, it will be interesting te geisers’ strategies and approaches to findiry an
refinding information from these known resourcel gliange. For example, a recent Pew Internet and
American Life study [RS05] noted that there haseeécrease in the use of local search featueds th
search engines are offering (e.g. a query thatided a zip code will present localized resultgtiat
geographic region).
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6.5 Model of How Frequency and Familiarity Affect Finding and Refinding

Several major results of this work helped motivafgreliminary model of search engine use in findind
refinding:

*  Frequency and familiarity affect search engine use
* No effect of Session was observed on search engme
e Tasks fell into three groups: easy, medium, and har

These results suggested a model of finding anddiefy in which a task may move through generalestag
based on: 1) the level of familiarity with how tachte the information in the task, and 2) the lefel
frequency with performing the task. The modellisstrated in Figure 40. The line represents asindes
movement through the stages. Aspects of this maraehlso described in [CPO5b]

@ A | tamiliarity @
Occasional

Refinding g
Familiar
Refinding
< >
+ frequency
— frequency

@ Finding y - familiariy @

Figure 40. Model of How Frequency and FamiliarityAffect Finding and Refinding

Quadrant 1 — Low frequency, low familiarity

In quadrant 1, tasks are either finding tasks emarformed with low enough frequency that they are
similar to finding tasks (i.e. refinding = findiragain). Users may not know the future value of the
information for these tasks, or the nature of #sktmay be that it is a rarely performed task.

Quadrant 2 — Low frequency, high familiarity

Tasks in quadrant 2 are tasks that the user haselkaomething about, but that they still perfomtyo
occasionally. Many of these tasks may be done rfineqeiently than the ones in quadrant 1, butstilild
not be considered high frequency. For examplé@est may register for classes once every semester
low frequency task — but they are likely to havediae familiar with the process of finding the cksss
registering, etc.

Quadrant 3 — High frequency, high familiarity

Quadrant 3 tasks are ones that have become frequadhknown tasks. Users may have set up shartcut
or bookmarks for these tasks, or may have taketirtieeto learn specific access paths such as tHedJR
a series of links that will lead them to the infation. Somewhere between quadrant 2 and 3 iy likdbe
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where users recognize the importance of the infooméask and may decide to invest time in creating
learning a faster access path.

Quadrant 4 — High frequency, low familiarity

There are probably only a few tasks in quadrabudjt is included in the model for completeness.
Quadrant 4 tasks are difficult by nature, no matiat a user may perform them somewhat frequently.
Perhaps the user has not invested time to cred¢aior a shortcut, or perhaps some aspect of sheda
dynamic, making it difficult to predict. For exahapthe task of looking for yesterday’s top newsists is
by nature difficult because many of the news ston#él have moved. Frequently accessing a PDRtfide
does not have a link on a Web site, but requingsea to type a long, tricky URL could be consideaed
guadrant 4 task (assuming that the user did neisinthe time to create a shortcut).

This model of refinding is an early-stage modet thauggested by several results from my research.
Future work should test this model on a larger sarsize and explore the features of each quadnant i
more detail, especially to investigate what moggatisers to move a task from one quadrant to anatite
how their access patterns change and what trighiens to invest time to create and learn shortcuts.



Chapter 7

Conclusions and Future Work

In this chapter, a summary of main findings is preed, contributions of this dissertation are oetl, and
implications are discussed. At the end of the tdrajpreas of future research work are described.

7.1 Summary of Main Findings

Brief summaries of the main findings for each reske@uestion are given in the following pargraphs.

RQ1 — Do finding and refinding differ?

Finding and refinding did have differences, esgdcfar tasks that were perceived to be difficuiearch
engine use was not observed to be affected byosedsit was affected by task. Familiarity withaak
was influenced by finding the information in thesfisession, but did not necessarily reduce theuataf
time it took to refind the information.

RQ2 - Do task and familiarity with a task affeotdiing and refinding? What is easy/difficult?

Task and familiarity with a task both had effeatstask completion time and search engine use. sTihsk
were more familiar had less search engine useksTthat were generally easier included: lookinghe
definition of a word (dictionary), movie times, vikar information, and academic calendar information
Tasks that were generally more difficult includddoking up airline flight information, locatingsolution
for the Rubik’s cube, finding a professor's Wele sénd finding the distance between two locatiomep)).

RQ3 — How does the similarity of the task fromifigdo refinding affect the refinding process?

The similarity of a task from finding to refindinvgas found to affect refinding. Refinding for subisesks
was perceived as more difficult and took longenttefinding for exact tasks. Refinding when the
information moved from the location at which it wiast found can be very difficult.

RQ4 — What strategies are used in finding and dafig?

Many users have a set of known Web sites thatfeea ased as starting points for finding and reifigd

Many of these sites are on-line counterparts oepagsources such as dictionaries, telephone diiest
and newspapers. For many tasks, participantstiseshme starting strategy (i.e. they went to dmees

starting Web site) when refinding as they did wfieding, indicating strong patterns of access.

127
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7.2 Contributions and Implications

In this dissertation, | have made five main conttitns to the field of information refinding andrpenal
information management.

Identified, defined, and explored dimensiongédrmation refinding.

Measured differences between finding and refigdi terms of factors and effects
Identified sets of easy and difficult findingdarefinding tasks

Found patterns of Web information access

Developed a preliminary model of informationimefng

arONE

In this section, each of these contributions isfhyrisummarized and implications for informatiorsigm,
tool features, and the study of refinding are dised.

7.2.1  Dimensions of Refinding

When | started this work, there was little existgrgundwork in the area of information refindinglahe
area was not well defined. One of the main couatiims of my research is that | have helped identif
define, and explore the main dimensions of refigdind why they are important. Much of the disaussi
in Chapter 2 outlines important concepts and fadir refinding and relates prior study of thermefated
fields to their role in refinding. The importanckfrequency, familiarity, and perceived difficultye all
explored in this dissertation. While many of thesacepts are not new, their importance and apfita
to refinding is a part of the contribution of thisrk.

Two of these concepts (frequency and familiarityd gask similarity) are discussed in more detathiz
following paragraphs.

7.2.1.1  Frequency and Familiarity

To the best of my knowledge, my work is the fisekamine the effects of frequency and familiaoity
refinding. In a strict sense, information refingliby an individual can be viewed dichotomously e- th
information being sought has either been seen &efiod the current task is refinding, or this isfirss

time the information is being looked for and thektss finding. In a more relativistic sense, rdfirg can
be considered in terms of frequency — how oftersdbe searcher look for this information? For very
frequent tasks, a user may have highly developetads of access and may be more likely to “teléport
directly to the information. For medium frequenagks, the refinding process may involve a mixtfre
recall and recognition. For very infrequent taskfinding may truly be “finding again”.

7.2.1.2  Task Similarity

Information refinding can be a challenging problehen the information is static, but informationtbe
Web is highly dynamic in terms of its location difetime. Studies have documented the dynamicreatu
of Web pages [Spi03] [BCO00] [Koe02]. The ever-afiag nature of the Web makes refinding even more
difficult. Consider the task of refinding a nevisrg that you had seen yesterday on the home paaye o
on-line news site. When you first saw the stogrétwas probably a link to it on the front page;, Homw

do you get to it a day later? Is there a searatufe? If so, there may be many stories relatedetdopic —
how would you know which one it is? What if thegpehas been deleted?

Task similarity refers to the similarity of a tafskm finding to refinding. Two related concepte also
introduced hereinformation similarityandlocation similarity

Task similarity (same)
Day 1: Find today’'s weather
Day 2: Find today’s weather
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Information similarity (same)
Day 1. Find today’s weather
Day 2: Find the weather forecast you found yestg

Location similarity (different location)
Day 1: Find today’'s weather
Day 2: Find the weather forecast you found yestg
(the information is not linked from the same pléagas found)

When trying to refind information, several posstlik exist about the relationship of the origifiatling
instance to the current refinding need. For exammplperson may seek to refind information that was
found along the path of the original finding taklt that was not the specific target informatiornhef
original finding task. | call this aspect of rading task similarityand believe it is an important aspect of
how people approach refinding tasks that has nabbsidered previously.

In this dissertation, | investigated four relatibips, described below along with an example of eddbte
that these are not an exhaustive set of all passgipes of task, information, and location simtigrbut
rather they are a starting point for explorationhi$ important concept. In addition, there mayteer
dimensions of interest in addition to task, infotima, and location similarity.

« Exact — the information being sought when refindsgxactly the same as the information
that was originally found.
o Finding: phone number for the XYZ grocery storeMain St.
0 Refinding: phone number for the XYZ grocery stoneMain St.

* Path —the information being sought when refindingn the same path as the information
that was originally found.
o Finding: phone number for the XYZ grocery storeM@ain St.
0 Refinding: phone number for the XYZ grocery storeQek Lane

» Subset — the information being sought when refipdsna subset of the information that was
originally found.
o Finding: three sweatshirts as a possible gift foieand
0 Refinding: a specific one of the three sweatsluriginally found

e Moved - the information being sought when refindivag moved from the location where it
was originally found.
o Finding: a news story on the front page of an nélebsite
o0 Refinding: the same news story (moved off the frmade)

7.2.2  Differences in finding and refinding / Factos and Effects

Finding and refinding information on the Web aréfetient processes with different characteristics.
Task type has a large effect on refinding.

Users’ prior knowledge is an important factor invhoefinding is accomplished.

In this dissertation, | identified significant difences in finding and refinding as measured dgrdifices
in task completion time, task familiarity, and peixed task difficulty. These differences depengagly on
the task being performed and the prior experienéése user. Users have different experience and
knowledge with different types of tasks and peredlifferent tasks as being different levels ofidiffty.
Prior familiarity with a task affected task comjpdettime, number of URLs, and search engine use.

These results suggest that a “one-size-fits-alfrapch may not work well for information refinding.
Design strategies and tools that work well for typee of task may not be well suited for other types
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tasks. In addition, tools that support keywordsleas of personal information may be helpful fomgna
tasks, but users may prefer to directly apply thgisting knowledge to help refind information and
remember context rather than use keyword searcduggested in [BN95] and [BS04].

Refinding is not just finding again

These results are an important contribution nog bekcause specific effects on measured variables we
observed, but also in a larger sense, becausehhsiigeen debate in the personal information mamnagte
community about whether refinding is simply “findiagain”. At a recent workshop on PIM, this questi
of “refinding = finding again?” was a topic of dission [JB05, p.16-20]. The results of this diggam
provide insights into the refinding process andgkiltate specific cases where refinding was fourttate
differences from finding. An important implicatiarfi this result is that tools for refinding showétognize
and leverage the differences between finding afiddiag.

Factors that affect “the keeping decision”

The results of this research shed light on aspgetiecproblem of deciding whether to keep informator
to rely on being able to refind it on the Web [J&nCGonclusion section]. Different information efound
with differing degrees of ease. Some informatian easily be refound on the Web, potentially affieca
user’s decision not to “keep” this information ipersonal storage system. However, other infoonas
more difficult to return to, possibly influencinguaer’s decision to keep a copy of it. The reafltthis
research show that factors such as the amountosfldge that a user has about how to refind the
information, and how difficult the task is percedvi® be are important components in the finding and
refinding process and are likely play an importae in the keeping decision.

7.2.3  Tasks that are easy and difficult

Identifying tasks that are easy and difficult fording and refinding is important for the understiaug and
development of tools and Web sites that suppomnplesorefinding needs. By including a large sanyfle
representative tasks in this study it has beenilpes® identify tasks that were generally found&seasy
and tasks that were generally found to be difficllasks that were easiest included finding a alietry
definition, weather information, phone numbers, apdrts scores. For many of the “easy” tasks, the
information could be found by going to a well-knovesource such as an on-line dictionary or yellow
pages. The most difficult tasks included findingg#froute information, relocating a news articleking
for specific product manual, and finding flightanfmation. The difficult tasks involved: severadss;
moved, or difficult to locate information;, or ardain that was unfamiliar to the participants.

These differences illustrate that while some infation is simple to get back to on the Web, other
information is more difficult, pointing out spedifareas for future research and tool developm@nie
aspect of this is that tools are needed to help@upisers in refinding tasks that they find diffic
Several tools have focused on trying to make ieedisr users to re-access information that thexeas
frequently (i.e. by automatically recognizing pats. While this may be useful, tools are alsadeelethat
support difficult refinding tasks. Several typdglifficult refinding tasks are described belowradowith
possible features/tools to help support them.

Complex tasks Support for complex tasks should recognize treddriio manage complexinithin a
particular Web site and the need to manage contplagrossdifferent Web sites. Managing information
and complexity within a site might be best handisgart of the site design — examples includeaiks to
keep track of recent items viewed, to save andueisecent searches, to make comparisons of iterds,
to mark or tag information on the site. Managimipimation and complexity across different sites is
potentially more difficult and might be best hartties part of a Web browser or browser tool. Tlaeee
many existing tools that could help with this —tiatl browsing and bookmarks are two examples — but
these require knowledge and effort on the parhefuser and can be difficult to share among differe
computers or browsing sessions. For examplehtotask in my study to find the distance betweem tw
geographic locations many users found the addredésbe two locations and then copied these ingo th
start and destination fields on a map directiond\ite. Even with multiple windows, this would e
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several switches back and forth to the differetetssand several copy and paste operations tolgbeal
information required. When trying to refind thédarmation, refinding the addresses might be doneemo
quickly, but copying and pasting them into thedgebn the map Web site would likely not be anygiast
This illustrates a situation where a “save seafehture on the map Web site could make refindistefa

Moved information- Trying to refind information that has moved ey difficult for users and could be
better supported by both Web sites providing infation and by browsing tools. Web sites, especially
ones that provide large amounts of dynamic infoimmaicould be designed for better refinding support
Consider a daily news Web site. Instead of prowjdi general search feature for the site thatnetaiflat
list of results, the site could provide a featuwreiew the site as it looked on a particular dayamge of
days. This could be challenging for sites thangeacontinuously, but could greatly help refinding.
People may remember the location of the informadiorthe page, or some other spatial or graphial cu
that is lost if the information is presented diffetly than it was when seen the first time. Brawisels
could help users by providing easy mechanismswue pages (or sets of pages) of interest and then
providing an easy-to-use search over those pagesiething as simple as a “save this page locallytob
on the browser toolbar could help. However, sutature should be easy to use and require minimal
input by the user — deciding what to call the pagehat folder to put it in could be a large enobginrier
that a user might not use it (although these shbeldptions).

Unfamiliar domains- Finding and refinding information in unfamilidomains is a special challenge.
Many Web sites attempt to provide help to users agounfamiliar with the domain, but acquiring
specialized domain knowledge can be very challgngsnoted by Bhavnani [Bha02]. Refinding for thes
types of tasks could benefit from tools to helprasave or log important pages and information doun

7.2.4 Patterns of Access

Often, participants used the same starting stregg@ie. went to the same starting Web sites) when
refinding as they did when finding. In additiom, significant effect of Session was observed farce
engine use, but there was a significant effectagklon search engine use. This suggests thatnizsk

than session affected the use of Web search engitesate information in this study. For somek$as
users relied on a set of known resources rathergbarch engines. These results illustrate sfpaitgrns

of Web information access. Maglio and Barrett [MBPalso observed strong patterns of Web informatio
access.

Patterns of access can help users retrace fasiiips to refind information, but may also inhiletinding

in the form of “false memories” — steps may be rerered as part of a pattern of access that were not
actually taken in a specific case [MB97a]. Refingdtools may need to help users factor out the cmmm
aspects of a search in order to help users recegnparticular path they are trying to refind. &uwarnes of
browsing histories may help with this, particulaflyhey include graphical representations of thed/V

pages viewed. Several projects have investigatedde of thumbnail images in recognizing and
organizing information [ATH+03] [WRM+02] [KGEO02] [BL+98]. These efforts should be continue to be
explored and investigated as part of refinding psses.

7.2.5 Preliminary Model of Refinding

A preliminary model of refinding is presented ifstlissertation (see section 6.5). The model s$etd@n a
user’s prior frequency with a task and their faamity with where the information is located. Whiles is
an early model, it highlights the concept that asgeatterns may change based on factors such as the
frequency of access, familiarity of location, aedagnition of the value of the information. Undangling
these factors is an important aspect of desigrfiegte/e tools and features to support refinding.

There are certainly additional factors that affextess. For example, if a person is not at thigingoy
computer, they may not have access to their shisrazubookmarks. This type of distributed cogmitio
appears to plays an important role in informatiginding — people often rely on information stored
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their computing environment (or on post-it notdactted to their monitor) to relocate information.
Distributed information management tools such airmbookmarks address some of these aspects, but
also require users to take the effort to inputrimfation and log in to the system. In addition, eqreople
have privacy concerns about storing lots of persioifiarmation on Web servers. Additional factonat
affect finding and refinding need to be exploredniore detail and integrated into a more completdeho

of refinding.

7.2.6  Additional Implications and Discussion

Different tasks require different tools, designsj &atures to support refinding. For examplersiappear
to be fairly good at refinding information nuggatsd routinely accessed information. Tools may diéeb
focused on helping users get back to informatieamébthrough more complex steps and to provide imelp
refinding particular information from among a groafirelated pages/sites that were visited whernirignd

A number of currently available tools are aimetielping people refind personal information, inchgli

the recently released Google Desktop Search, Appdelight, and A9 toolbar. Many “personal search”
tools are geared toward searching files, documants email messages stored on a user’s personal
computer. Most provide some support for searckiifedp pages, but often the pages must have either bee
saved to the user’s hard disk or still be in thebWewser’s cache file (i.e. only recently vieweahV
pages). In addition, several projects have deegl@ud-ons or special versions of Web browsersutitiat
automatically save or help facilitate saving Webegsathat a user browses (examples include: Tet3|
Slogger, ScrapBook, and the University of Calgahyternet Explorer History System). There are also
services (such as Furl and Spurl) that allow usessore bookmarks and browsing history information

line so that they are accessible from multiple cotaps and can be shared with other people.

These efforts to help support searches of persoftamation appear to be steps in the right dimettbut
are still in the early stages of evolution and matyaddress all the needs of users for refindiiile
keyword-based search tools can be very powerfuéragéstudies have suggested that keyword search is
not always the method chosen by users to refiratiimdtion, even when available [Jon04] [TAA+04]. €Th
results of my study support this: for tasks treatipipants felt they had good knowledge of howéb to

the information, they used search engines lestvelo the total number of pages loaded. Waygcamtd
context can play a strong role, beyond just helpingelocate information. Context can play an inigot
reminding function that may not be satisfied thiotygpical search interfaces in which keywords sped

in and a flat list of matching results is presenteterfaces that include a variety of search|a@gpion,

and presentation techniques, including visualizetiof information and paths traversed are intargsti
possibilities for future research.
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7.3 Future Work

There are still many areas that need more exptoratnd understanding regarding information refigdin
and personal information management (PIM). In $kistion, | describe several broad areas for futuond
and then outline particular studies that would edtthe field.

7.3.1

Broad Areas

Broadly, there are several areas that have notd&gaored in much detail within the umbrella of
information refinding and PIM:

7.3.2

Understanding Refinding — The main study descriter@ reveals some insight into the processes,
difficulties, and factors that affect how peopleeatpt to refind information on the Web.

However, there are still many important questionthis area. For example, how does the elapsed
time between finding and refinding affect the rdfirg process? Can searchable histories and
visual representations of browsing sessions hapsugfind information more effectively? How
can refinding strategies be categorized, and howaals help with these strategies? In addition,
more exploration of tasks is heeded, especiallyntberstand the characteristics of tasks that are
difficult for refinding. This is likely to requirenterviews, surveys, and/or field studies to obser
refinding tasks that cause users difficulties.

Mobile Issues — Little work to date has examined people manage and refind information

while they are in transit or away from one of th@iimary computers. This area of study includes
issues related to information synchronization,use of multiple devices, the similarity of
interaction and presentation on different deviessl understanding users’ mobile refinding needs.

Personal Search — Tools that index a user’s emireé disk, cataloging files, emails, stored Web
pages, and other information are now availablee iipact of these tools on how people refind
information and deal with PIM is yet to be seerveal studies have indicated that users
sometimes like to use keyword search, but sometiike$o relocate information manually. The
possible impact of these new personal search tooiefinding and PIM behaviors should be
investigated.

Personal Information Management — In general, P#gl $tarted to gain more attention as the
research community begins to address the problesrs face with “information overload”.
There are many areas of PIM that need additioralbeation — files, email, Web pages, contact
information, calendars, and growing areas suchaop and multimedia content. Increased
interest in tagging and metadata impacts manyesdtareas and should be explored.

Specific Studies

In this section, several specific studies are psepgdo further examine areas of information refigcand

PIM.

7.3.2.1

Analysis of Refinding Strategies

| believe it could be valuable to look in more dept the question of what strategies people usénfding
and refinding various types of information. Thiswd require a significant data collection effondahen
the careful development of a taxonomy of stratebésed on the data.

Ideas for strategies and behaviors to explore delu
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*  When are typed URLs used? What URLs do people Rnblow many URLSs do people
know?

» Does the use of the "back” button in Web browseowide evidence of particular types of
strategies?

» How can finding and refinding strategies be clésdifind categorized? Can a taxonomy of
strategies currently used be created? A goodrsigvbint for this would be to start with task
taxonomies and models of information seeking frofarmation science.

* It may be very important to conduct some studiehigarea that do not focus as much on
measurements of time, number of URLSs, etc. an@#ukinvestigate what users are thinking
as they search. Verbal protocols such as “thiokdl may provide informative insights.

7.3.2.2  Additional Controlled Studies

Controlled experiments could be conducted to exaradditional factors of interest. One such study
would be to examine the effects of the elapsed Ligteveen finding and refinding. A study to do this
could involve three (or more) sessions:

e Aninitial session to find information on the Web

» A second session scheduled 1-2 weeks later tadrefime of the information and possibly to find
some additional information

e A third session scheduled 1-2 months later to deffifiormation from both sessions 1 and 2.

Comparisons between the strategies used in a# tirthe sessions could be made to see which heagks
consistent patterns and for which tasks the rafipdirategies changed. In addition to specifieaed
tasks, it would be interesting to include sevezaslwell defined tasks in which the participantsiieldind
information by browsing for pages and Web sitesualtioe topic and then refind specific information.

Additional controlled studies could examine nuarmietask familiarity. For example, there may benso
tasks that for which people always chose to ussech engine, even if they do the task fairly oftéris a
valid question to wonder how a person would rasér ttamiliarity with where the information is loeat for
this type of task. Since they always use a seamgime to find it, they might say that they doealty

know where it is (i.e. they don’t know the absolatilress of the information — the URL). Howevkeyt
might say that they do know where the informat®ror at least they know “how to get to the infotioal
since they have aapriori plan that they use to arrive at it — their placiudes the use of a search engine,
they probably search for the same keyword strirofp ¢éiane, and they may even know the location of the
target in the search results page. This is relatélde notion of the addressibility of informatias
described by Naren Ramakrishnan [RamO05]. A suhigiinction in the wording of the question “Do you
know where the information is located?” versus ‘f@am know how to get to the information?” could have
an effect on the responses in the situations adtlabove and would be an interesting topic to exami

7.3.2.3 Personal Search Tools

Google, Apple, and Microsoft are each developimaistéo help people search over their own personal
information. It would be interesting to conduaidies to see which types of tasks may benefit fitoese
types of personal search tools. These studiesl tmitombined with several of the factors that were
identified as important in this dissertation.

7.3.2.4  Affective and Satisfaction Measures of iRig@nd Refinding

A limitation of using task completion time, numl#rURLs and other objective dependent measurdsts t
they may not capture all the important aspectsiahteraction. Perhaps users would like to find a
particular piece of information faster, but haveeatly reached a minimum time using current teclygieso
Perhaps users often are able to find and refinihfoemation they seek, but are frustrated by ttecpsses
supported by existing tools. Future studies showldstigate user satisfaction and affective measants
to better understand users’ wants and needs fiodiefj tools.
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7.3.2.5 Expanded Version of Frequent/Infrequentv&yur

Understanding the tasks that people do frequentlyirfrequently is an important aspect of undeditagn
refinding. An expanded version of the preliminanyvey presented in this dissertation with a larger
sample size and additional questions and methadd belp give insights into difficult tasks. The
expanded version of the survey could include 10042&rticipants from several different groups (e.qg.
students, knowledge workers, less experienced \WWetsuseniors).

The survey could have the following basic formad anuld be conducted using an on-line survey
administration tool:

Background information
Collect information about tasks
Ask for 5 frequent tasks
User describes the task
User rates frequency
Ask for 5 infrequent tasks
User describes the task
User rates frequency
Recall steps for the tasks
Randomly ask for 3 tasks of each type
Describe the steps you use to do this task inlachrdetail as you can recall.
Randomly ask for 3 tasks of each type
Do you have any shortcuts/bookmarks for this task?
Ask about difficult refinding tasks
Describe two situations where you had trouble/ditty refinding some information you
had seen on the Internet recently. Include enaleghil for us to visualize the situation.

The coding for the data could be as follows:

Have two raters categorize tasks as before

Compare categories and frequencies to Pew Intstagy results
Have two raters code each description of tasks

(random presentation, blind to whether frequenhfsequent)

as either orienteering, teleporting, or mix of both
Have two coders categorize refinding problems

Ideas for additional analysis include:
Do frequent tasks involve more teleporting?

Do frequent tasks have more shortcuts/bookmarks?
What types of tasks do people have trouble refigfeli
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Appendix A

Additional ANOVA Analyses

Many analysis techniques such as ANOVA rely onssumption that the data being analyzed follows a
normal distribution. In the data collected forststudy, some of the dependent variables had skewed
distributions, often to a ceiling or floor. In @ndto investigate this, each of the major analysesented in
this chapter was run once with the data as colieeted again with a log transformation applied® data.
Applying a log transform is a common technique useadjust skewed data into a more normal
distribution. A comparison of the two analyse$e- ¢riginal data and the log-transformed data wshko
that almost all the statistical tests and effe@sevthe same between the two analyses. A descriptithe
log transform used and comparison of the log t@ansianalyses to the analyses of the original data i
presented in this Appendix.

The log transform was performed in SAS using thieang code:

data tallstacked®6;

set SASUSER.ALLSTACKEDG;
LATT = log(ATT);
LNU =log(NU);
LNS =log(NS+0.001);
LSR =log(SR+0.001);

LKH = log(KH);
LHO =log(HO);
LAD =log(AD);
LBD =log(BD);

run;
where:

» ATT is task completion time

* NU is number of URLs

* NS is number of searches

* SRis search ratio

* KH is task familiarity

* HO s task frequency

» AD is after-task difficulty rating

» BD is before-task difficulty rating

Note that since NS and SR could be zero, a snthfg0.001) was added to each before performiag th
log transform to avoid taking the log of zero.

143



144 Appendix A. Additional ANVOA Analyses Robert G. Capra lll

A.1  Analysis 1 — Controlled Factors Analysis

See Section 5.2 for details of the analysis orotiginal data.

Table 45. Results of Two-Way ANOVA for Session x &k (EP-15 S12 tasks)

Session Task Interaction
(D) (M) (DxT)

F P F P F P
Task Completion Time 20.06 <.01* 3142 <.01* 2.61 <.01*
Number of URLs 9.10 0.01* 12.46 <.01* 1.78 0.06
Number of Searches 3.47 0.08 8.41 <.01* 0.64 0.80
Search Ratio 0.12 0.73 13,55 <.01* 0.20 1.00
Task Familiarity 49.80 <.01* 15.23 <.01* 3.60 <.01*
Task Frequency~ 0.12 0.74 18.48 <.01* 0.53 0.88
Before-task Difficulty 37.88 <.01* 15.97 <.01* 3.29 <.01*
After-task Difficulty 21.98 <.01* 10.99 <.01* 1.23 0.28

*p < 0.01, ~ see note about task frequency in sedtibd.1

Table 46. LOG Results of Two-Way ANOVA for Sessior Task (EP-15 S12 tasks)

Session Task Interaction
(D) (M (DxT)

F P F P F P
Task Completion Time 15.29 <.01* 32.08 <.01* 1.47 0.15
Number of URLs 5.82 0.03* 16.10 <.01* 1.47 0.15
Number of Searches 1.22 0.29 19.47 <.01* 0.54 0.87
Search Ratio 0.54 0.47 20.35 <.01* 0.43 0.94
Task Familiarity 49.44 <.01* 12.22 <.01* 461 <.01*
Task Frequency~ 0.03 0.87 22.24 <.01* 0.79 0.65
Before-task Difficulty 32.79 <.01* 13.33 <.01* 2.86 <.01*
After-task Difficulty 20.71 <.01* 9.99 <.01* 1.34 0.21

*p < 0.01, ~ see note about task frequency in sedtibd.1
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A.2  Analysis 2 — Prior Frequency Analysis

See Section 5.3 for details of the analysis orotiginal data.

Table 47. Results of Two-Way ANOVA for Session x Rar Frequency (EP-15 S12 tasks)

Session Prior Freq Interaction
(D) Q) (DxQ)

F P F P F P
Task Completion Time 12.27 <.01* 20.16 <.01* 3.60 0.04*
Number of URLs 7.11 0.02**  9.26 <.01* 2.16 0.13
Number of Searches 3.40 0.08 9.84 <.01* 0.36 0.70
Search Ratio 0.18 0.68 9.43 <.01* 0.39 0.68
Task Familiarity 43.76 <.01*  43.07 <.01* 8.29 <.01*
Before-task Difficulty 35.67 <.01* 4546 <.01* 3.30 0.05*
After-task Difficulty 2232 <.01* 20.48 <.01* 2.71 0.08

*p < 0.01, * p< 0.05

Table 48. LOG Results of Two-Way ANOVA for Sessior Prior Frequency (EP-15 S12 tasks)

Session Prior Freq Interaction
(D) Q (DxQ)

F P F P F P
Task Completion Time 11.67 <.01* 20.62 <.01* 4.08 0.03*
Number of URLs 5,53 0.03* 18.27 <.01* 226 0.12
Number of Searches 1.31 0.27 20.55 <.01* 0.70 0.51
Search Ratio 0.66 0.43 18.89 <.01* 0.68 0.51
Task Familiarity 42.37 <.01* 3295 <.01* 8.92 <.01*
Before-task Difficulty 30.87 <.01* 40.17 <.01* 3.38 0.05*
After-task Difficulty 20.28 <.01* 17.31 <.01* 211 0.14

*p < 0.01, * p< 0.05
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A.3  Analysis 3 — Prior Familiarity Analysis

See Section 5.4 for details of the analysis orotiginal data.

Table 49. Results of Two-Way ANOVA for Session x Ror Familiarity (EP-15 S12 tasks)

Session Prior Fam Interaction
(D) (K) (DxK)

F P F P F P
Task Completion Time 13.29 <.01* 9.06 <.01* 4.25 0.02*
Number of URLs 7.56 0.01* 4,81 0.02* 5.18 0.01*
Number of Searches 480 0.04* 2443 <.01* 1.71 0.20
Search Ratio 1.13 0.30 50.18 <.01* 1.28 0.29
Task Frequency~ 0.59 0.45 65.37 <.01* 0.97 0.39
Before-task Difficulty 81.14 <.01* 141.39 <.01* 23.21 <.01*
After-task Difficulty 20.50 <.01* 26.58 <.01* 9.09 <.01*

*p = 0.01, ** p< 0.05, ~ see note about task frequency in sedtibd .1

Table 50. LOG Results of Two-Way ANOVA for Session Prior Familiarity (EP-15 S12 tasks)

Session Prior Fam Interaction
(D) (K) (DxK)

F P F P F P
Task Completion Time 11.71 <.01* 10.19 <.01* 471 0.02*
Number of URLs 6.35 0.02* 10.08 <.01* 5.97 0.01*
Number of Searches 5.33 0.03* 67.13 <.01%* 3.29 0.05**
Search Ratio 3.65 0.07 70.07 <.01* 2.96 0.07
Task Frequency~ 0.16 0.70 55.38 <.01* 0.31 0.74
Before-task Difficulty 76.98 <.01* 126.87 <.01* 23.68 <.01*
After-task Difficulty 19.41 <.01% 23.03 <.01* 8.32 <.01%

*p < 0.01, * p< 0.05, ~ see note about task frequency in sedtibd.1
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A4

See Section 5.5 for details of the analysis orotiginal data.

Analysis 4 — Task Similarity Analysis

Table 51. Results of Two-Way ANOVA for Session x &k Similarity (EP-15 S12 tasks)

Session Similarity Interaction
(D) (1) (Dx1)

F P F P F P
Task Completion Time 12.27 <.01* 8.08 0.01* 1.64 0.22
Number of URLs 7.15 0.02* 0.40 0.54 0.89 0.36
Number of Searches 2.24 0.15 11.68 <.01* 0.27 0.61
Search Ratio 0.09 0.76 35.94 <.01* 0.46 0.51
Task Familiarity 28.21 <.01* 7.80 0.01* 2.64 0.12
Task Frequency~ 0.04 0.84 0.79 0.39 0.40 0.54
Before-task Difficulty 22.82 <.01* 5.13 0.04* 1.25 0.28
After-task Difficulty 17.05 <.01* 1.34 0.26 0.29 0.59

*p = 0.01, ** p< 0.05, ~ see note about task frequency in sedtibd .1

Table 52. LOG Results of Two-Way ANOVA for Session Task Similarity (EP-15 S12 tasks)

Task Completion Time

Number of URLs

Number of Searches

Search Ratio
Task Familiarity

Task Frequency~
Before-task Difficulty
After-task Difficulty

Session Similarity Interaction
(D) )] (Dx1)

F P F P F P
8.34 0.01* 230 0.15 0.03 0.86
4.69 0.05* 0.52 0.48 0.38 0.55
1.43 0.25 31.19 <.01* 0.09 0.77
0.74 0.40 36.74 <.01* 0.18 0.68
27.37 <.01* 8.86 0.01* 4.46 0.05*
0.00 0.98 279 0.11 0.74 0.40
19.88 <.01* 6.60 0.02* 1.85 0.19
16.43 <.01* 1.27 0.28 0.50 0.49

*p < 0.01, * p< 0.05, ~ see note about task frequency in sedtibd.1
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A.5 Analysis 4 — Task Similarity Analysis of Session 2 tasks only

See Section 5.5.2 for details of the analysis erotiiginal data.

Table 53. Results of One-Way ANOVA for Task Similaity (EPS-15 S2 tasks)

Task completion time
Number of URLs
Number of searches
Search ratio

Task familiarity
Before-task difficulty
After-task difficulty

Num Den

DF

NNNNNDNDDN

DF

32
32
32
32
32
32
32

Similarity

(1)

F

P

4.15
0.61
3.67
6.97
12.31
10.50
9.11

0.03*
0.55
0.04*
<.01*
<.01*
<.01*
<.01*

*p < 0.01, * p< 0.05

Table 54. LOG Results of One-Way ANOVA for Task Siritarity (EPS-15 S2 tasks)

Task completion time
Number of URLs
Number of searches
Search ratio

Task familiarity
Before-task difficulty
After-task difficulty

Num Den

DF

NNNNNNDDN

DF

32
32
32
32
32
32
32

Similarity

0]

F

P

5.32
2.70
9.36
9.62
10.85
9.37
9.24

0.01*
0.08

<.01*
<.01*
<.01*
<.01*
<.01*

*p < 0.01, * p= 0.05
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SAS Input and Output

In this appendix, sections of the SAS input angboufiles are presented. The entire set of inpdt a
output files is too long to include here, so o@presentative samples are included.

B.1 Analysis 1 — Controlled Factors Analysis, Selected Input

*

* Means and Standard Errors;

*

proc means data=SASUSER.ALLSTACKED6 mean std stderr
title 'CFA Means class=D var=ATT NU NS SR KH HO AD
class D;

var ATT NU NS SR KH HO AD BD;

where NUSE EQ 1 AND (1 EQ "E"OR | EQ "P") AND FT
run;

proc means data=SASUSER.ALLSTACKED6 mean std stderr
title 'CFA Means class=FT var=ATT NU NS SR KH HO A
class FT;

var ATT NU NS SR KH HO AD BD;

where NUSE EQ 1 AND (I EQ "E" ORI EQ "P") AND FT
run;

proc means data=SASUSER.ALLSTACKED6 mean std stderr
title 'CFA Means class=D FT var=ATT NU NS SR KH HO
class D FT;

var ATT NU NS SR KH HO AD BD;

where NUSE EQ 1 AND (I EQ "E" ORI EQ "P") AND FT
run;

*

* Controlled factors analyses;
*

*CFA-MIX-ATT;

proc mixed data=SASUSER.ALLSTACKEDS;

title '"CFA-MIX-ATT: ALL6 DV=ATT == IV=D FT D*FT w/E
options formdlim="-

class P D FT;

model ATT=D FT D*FT,;

Ismeans D FT D*FT / pdiff=all adjust=tukey;

repeated / subject=P type=cs;

where NUSE EQ 1 AND (| EQ "E" ORI EQ "P") AND FT
run;

*CFA-MIX-NU;

proc mixed data=SASUSER.ALLSTACKEDS;

title 'CFA-MIX-NU: ALL6 DV=NU == IV=D FT D*FT w/EP-
options formdlim="-";

class P D FT;

149

t probt;
BD w/EP-15 both D12";

NE 15;

t probt;
D BD w/EP-15 both D12";

NE 15;

t probt;
AD BD w/EP-15 both D12

NE 15;

P-15 both D12';

NE 15;

15 both D12
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model NU=D FT D*FT;

Ismeans D FT D*FT / pdiff=all adjust=tukey;

repeated / subject=P type=cs;

where NUSE EQ 1 AND (1 EQ "E"OR | EQ "P") AND FT
run;

*CFA-MIX-NS;

proc mixed data=SASUSER.ALLSTACKEDS;

title 'CFA-MIX-NS: ALL6 DV=NS == IV=D FT D*FT w/EP-
options formdlim="-;

class P D FT;

model NS=D FT D*FT;

Ismeans D FT D*FT / pdiff=all adjust=tukey;

repeated / subject=P type=cs;

where NUSE EQ 1 AND (1 EQ "E"OR | EQ "P") AND FT
run;

*CFA-MIX-SR;

proc mixed data=SASUSER.ALLSTACKEDS;

title 'CFA-MIX-SR: ALL6 DV=SR == IV=D FT D*FT w/EP-
options formdlim="-;

class P D FT;

model SR=D FT D*FT;

Ismeans D FT D*FT / pdiff=all adjust=tukey;

repeated / subject=P type=cs;

where NUSE EQ 1 AND (I EQ "E" OR | EQ "P") AND FT
run;

*CFA-MIX-KH;

proc mixed data=SASUSER.ALLSTACKEDS;

title 'CFA-MIX-KH: ALL6 DV=KH == IV=D FT D*FT w/EP-
options formdlim="-

class P D FT;

model KH=D FT D*FT;

Ismeans D FT D*FT / pdiff=all adjust=tukey;

repeated / subject=P type=cs;

where NUSE EQ 1 AND (1 EQ "E"OR | EQ "P") AND FT
run;

*CFA-MIX-HO;

proc mixed data=SASUSER.ALLSTACKEDS;

title 'CFA-MIX-HO: ALL6 DV=HO == IV=D FT D*FT w/EP-
options formdlim="-;

class P D FT;

model HO=D FT D*FT,;

Ismeans D FT D*FT / pdiff=all adjust=tukey;

repeated / subject=P type=cs;

where NUSE EQ 1 AND (1 EQ "E"OR | EQ "P") AND FT
run;

*CFA-MIX-AD;

proc mixed data=SASUSER.ALLSTACKEDS;

title 'CFA-MIX-AD: ALL6 DV=AD == IV=D FT D*FT w/EP-
options formdlim="-

class P D FT;

model AD=D FT D*FT;

Ismeans D FT D*FT / pdiff=all adjust=tukey;

repeated / subject=P type=cs;

where NUSE EQ 1 AND (| EQ "E" ORI EQ "P") AND FT
run;

*CFA-MIX-BD;

proc mixed data=SASUSER.ALLSTACKEDS;

title 'CFA-MIX-BD: ALL6 DV=BD == IV=D FT D*FT w/EP-
options formdlim="-,

class P D FT;

model BD=D FT D*FT;

Ismeans D FT D*FT / pdiff=all adjust=tukey;

repeated / subject=P type=cs;

where NUSE EQ 1 AND (1 EQ "E"OR | EQ "P") AND FT
run;

NE 15;

15 both D12

NE 15;

15 both D12";

NE 15;

15 both D12

NE 15;

15 both D12

NE 15;

15 both D12";

NE 15;

15 both D12

NE 15;
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B.2  Analysis 1 — Controlled Factors Analysis, Selected Output

CFA-MIX-ATT: ALL6 DV=ATT == IV=D FT D*FT w/EP-15 both D12 160
16:08 Tuesday, October 18, 2005
The Mixed Pro cedure
Model Inform ation
Data Set S ASUSER.ALLSTACKEDG6
Dependent Variable A TT
Covariance Structure C ompound Symmetry
Subject Effect P
Estimation Method R EML
Residual Variance Method P rofile
Fixed Effects SE Method M odel-Based
Degrees of Freedom Method B etween-Within
Class Level Inf ormation

Class Levels Values

P 17 121314 1516 17 18 20 21 22
232526 29303132
D 2 12
FT 12 13568 101112131617 18
Dimension s
Covariance Parameters 2
Columns in X 39
Columns in Z 0
Subjects 17
Max Obs Per Subject 24
Number of Obser vations
Number of Observations Re ad 345
Number of Observations Us ed 345
Number of Observations No t Used 0
Iteration Hi story
lteration Evaluations -2 Re s Log Like Criterion
0 1 351 1.07982089
1 2 348 8.04987710  0.00000001
2 1 348 8.04985950  0.00000000
Convergence crit eria met.
CFA-MIX-ATT: ALL6 DV=ATT == V=D FT D*FT w/EP-15 both D12 161
16:08 Tuesday, October 18, 2005
The Mixed Pro cedure
Covariance Paramet er Estimates
Cov Parm  Subjec t Estimate
CS P 361.16
Residual 2344.82
Fit Statist ics
-2 Res Log Likelihood 3488.0

AIC (smaller is better ) 3492.0
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AICC (smaller is bette
BIC (smaller is better
Null Model Likeliho
DF Chi-Square

1 23.03

Type 3 Tests of Fi

Num  Den
Effect DF DF

D 1 16
FT 11 151
D*FT 11 138

r) 3492.1

) 3493.7

od Ratio Test
Pr > ChiSq

<.0001

xed Effects

FValue Pr>F

20.06 0.0004
31.42 <.0001
2.61 0.0048



Appendix C

Preliminary Survey

This appendix contains screen capture images ajrtHime preliminary survey described in Chapter 3.

/7§ Survey.vt.edu Preview - Microsoft Internet Explorer ==l x|
Fle Edt Vew Favortes Toos Help ﬁ
dmpock - = - (@[] ¢4 | Doearch Favorites Pveda B |- S -H P [ > & 9@

Address I@ i\ homedreapratPhDiRefinding Study 2\Re-FindingSurvesy2,htm j @Go Links **
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Survey on Web Information Re-Finding

Please do NOT enter your name on this survey

Please do NOT read the questions until you are ready to complete the survey.

Participation Requirements
In order to participate in this study, you must:
1. Be at least 18 years old,

2. Have been using a web browser for at least one year.
(any web browser is okay, including Internet Explorer, Metscape, and AOL)

If you do not meet both these requirements, do not complete this survey.

Introduction

The purpose of this survey is to find out how people go about re-finding information they have seen before on the Internet. We are interested in what types of tasks and
information people access repeatedly and what they remember about web pages and sites that they have wisited before,

In this survey, you will be asked to describe yourself and some of your experiences using computers. Some of the questions will ask you to recall information that you look for
and tasks that you do on the Internet. You will also be asked to recall and list steps of how you get back to things you have seen on the Internet.

Thank you!
Rob Capra and Manuel Pérez-Quifiones

Yirginia Tech, Department of Computer Science
660 McBryde Hall {mail code 0106), Blacksburg, A, 24061

Instructions

VERY IMPORTANT
PLEASE READ BEFORE BEGINNING

1. Please do NOT enter your name on this survey.

2. Once you start the survey, please do not use your web browser to access other web sites until you have completed the survey.

@ Dane ’7 ,7 ’7 |@‘ My Camputer

[
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Surve: du Preview - Microsoft Internet Explorer 1= x|
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close this window

3. Please do NOT read any questions until you are ready to complete the survey,

4. The survey has three sections that should be completed in order.

E. Complete the survey yourself. Do NOT get help fram other people.

Important Information

Your participation is completely vaoluntary and you are free not to answer any questions that you do not wish to respond to. If you do choose to complete this survey, you will
help our research on how to design tools to help people re-find information on the web,

Your responses will be anonymous to the extent that you should NOT write your name or other information that would uniquely identify you on the survey. Numbers, not
names, will be used to index the data collected from the surveys, The results of this study and the information you provide on the survey may be published, including direct
gquotations of your responses. In reports of the results, no participant names will be included.

Agreement to Participate

I have read and understand the Instructions and Important Information above and meet the requirements to participate in this study. I have had all my guestions answered. I
hereby acknowledge the above and give my voluntary consent,

" check here to indicate your agreement

Section 1

1. Age

2. Gender
“ Male  © Female
3. Occupation

© Undergraduate student

€ Graduate student

© University faculty

€ University staff =l

%] Done, but with errors on page, [ [ (& my computer
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Survey.vt.edu Preview - Microsoft Internet Explorer 1= x|

Fle Edt WView Favorites Tools Help
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3. Occupation

 Undergraduate student
€ Graduate student

© University faculty

© University staff

@ Other: I

4. Native Country

———

5. How long have you lived in the United States? (e.g. 3 years, 7 months)
years
months

6. How long have you been using computers?

years ,—

7. How long have you been using web browsers?

years ,—

8. approximatly how many hours per week do you spend using a computer?

hours

9. Approximately how many hours per week do you spend using a web browser?

hours

10. what operating system do you use most of the time?

© Windows 95/98/Me

© windows 2000/XP/2003

© Mac 05 9

© Mac 05 %

© Unix (Linux, IRI¥, Sun OS5, etc.)
& ather:

11. What other operating systems do you use?

™ windows 95/98/Me
™ windows 2000/%P/2003
[~ Mac 05 9

%] Dane, but with errars on page,

El

[ [ (& my computer
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Survey.vt.edu Preview - Microsoft Internet Explorer 1= x|

Fle Edt WView Favorites Tools Help

ek - = - G 2] A | Qoearch GFavorites veda (BB S -EH @ e & @
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close this window

11. What other operating systems do you use?

™ windows 95/98/Me

™ windows 2000/%P/2003

" Mac 05 9

[ Mac 05 x

I Unix (Linux, IRIX, Sun OS, etc.)

other:
12. what web browser do you use most of the time?

€ Microsoft Internet Explorer
 MNetscape

© a0l

© Mozilla

 Safari (Mac 0S X)

& other:

13. what other web browsers do you use?

™ Microsoft Internet Explorer
" Netscape

™ aoL

I~ mazilla

™ Phoenix

™ Lynx

" Safari {Mac OS X)

other:

14. How many computers do you use on a reqular basis?

—

15. Where are the computers that you use located? (e.g. 3 computers: 1 at home, 1 at work, 1 laptop from work)

=
=
Section 2 -—- Web Use
In this section, we ask you to list some things that you do with a web browser. We also ask how frequently you do these things, Ll

%] Done, but with errors on page, [ [ (& my computer
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Survey.vt.edu Preview - Microsoft Internet Explorer 1= x|
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Section 2 -- Web Use

In this section, we ask you to list some things that you do with a web browser. we also ask how frequently you do these things,
You will be asked for two types of items:

e Things you da FREQUENTLY (guestion 16)
e Things you do INFREQUENTLY {question 17)

It may help to think about things that you have done or looked for using & web browser in the past week.

You don't have to fill in all the lines, but try to fill in as many as you can.

16. Things you do FREQUENTLY (e.g. daily or weekly) using a web browser:

Task or Information Looked For / Approximate Frequency {check one)

A,

 More than once per day Once per day € A few times per week Once per week
B.

© Mare than once per day  © Once per day O A few times per week Once per week
(o8

© More than once per day O Once per day € & few times per week " Once per week
D.

< More than once per day © Once per day ¢ A few times per week ¢ Once per week
E.

© Mare than once per day  © Once per day O A few times per week Once per week

17. Things you do INFREQUENTLY (e.g. less often than daily or weekly) using a web browser: Ll

%] Done, but with errors on page, [ [ (& my computer
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Surve: du Preview - Microsoft Internet Explorer 1= x|
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17. Things you do INFREQUENTLY (e.g. less often than daily or weekly) using a web browser:

Task or Information Looked For / Approximate Frequency {check one)

A,

© 4 few times a month € Once per month  © Less than once per maonth
B.

© 4 few times a month @ Once per month € Less than once per maonth
(o}

© 4 few times a month " Once per month € Less than once per month
D.

© 4 few times a month  © Once per month  © Less than once per month
E.

© 4 few times a month € Once per month  © Less than once per maonth

Section 3 -- Web Actions

IMPORTANT -- Please read all the instructions on this page.

In this section, we would like you to list the steps yvou take to perform some of the items you listed in Section 2. In particular, we will ask you to dao this for the first three
items from each guestion in Section 2,

You will need to look back at Section 2 to see what each of these items was, but please do not change any of your responses in Section 2,

If some of your tasks from Section 2 are general in nature such as "on-line shopping", you may wish to use a specific instance of the task when you write down your list of
steps in this section (i.e. think of the steps you take to use a particular on-line shopping site).

Example #1
If one of your responses in Section 2 was "check to see if the world record =l

%] Done, but with errors on page, [ [ (& my computer




Robert G. Capra lll Appendix C. Preliminary Survey 159
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Section 3 -- Web Actions

IMPORTANT -- Please read all the instructions on this page.

In this section, we would like you to list the steps yvou take to perform some of the items you listed in Section 2. In particular, we will ask you to dao this for the first three
items from each guestion in Section 2.

You will need to look back at Section 2 to see what each of these items was, but please do not change any of your responses in Section 2,

If some of your tasks from Section 2 are general in nature such as "on-line shopping", you may wish to use a specific instance of the task when you write down your list of
steps in this section (i.e. think of the steps you take to use a particular on-line shopping site).

Example #1
If one of your responses in Section 2 was "check to see if the world record

for pogo stick jumping has changed," you might list the following steps for it
in this section:

3. Go to www.guinnessworldrecords.cam by typing in the URL
b. Type in "pogo stick" in the search box on the left of the Guinness page
c. Look at the results for the pogo stick record

Please try to be as specific as possible. If you can't remember something exactly, indicate the partial information that you do remember, or list the steps you would take to get
to the result based on what you do remember.

Example #2 From the example above, if you remembered that the web site was for
the Guinness Book of World Records, but could not remember the exact URL,
you might list the following steps:

Search for "Guinness Book" on a search engine (please indicate which one)
Look at the results for a link to the Guinness Warld Recaords web site

Click on that link

Type in pogo stick in the search box on the left of the Guinness page
Loak at the results for the pogo stick record

oonTw

Please type in how you would do the task using your own web browser (e.q. if you have shortcuts or bookmarks that you would use, please indicate this).

If you don't remember anything about the steps you take, that is okay, just type "Don't remember” on the first line and go on to the next item.

18. Please list the steps for Question # 16, Item A:

2|
b
e

Al =
%] Done, but with errors on page, [ [ (& my computer
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If you don't remember anything about the steps you take, that is okay, just type "Don't remember” on the first line and go on to the next item.

18. Please list the steps for Question # 16, Item A:

oo

a0

ENCEE

19. Please list the steps for Question # 16, Item B:

oo

a o

Two ~oo

20. Please list the steps for Question # 16, Item C:

o oo

a o

T @o o

21. Please list the steps for Question #17, Itermn A:
T =
%] Done, but with errors on page, [ [ (& my computer
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21. Please list the steps for Question #17, Item A:

T oo

a o

S0~

22. Please list the steps for Question #17, Item B:

o oo

a 0

T o oo

23. Please list the steps for Question #17, Item C:

oo

a0

BRG]

24. Do you have any other comments, observations, or information you would like to share with us about your experiences trying to re-locate information using
web browsers? If so, please type them in the space below.

El

%] Done, but with errors on page, [ [ (& my computer
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3 survey.vt.edu Preview - Microsoft Internet Explorer
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23. Please list the steps for Question #17, Item C:

o oo

a n

T o oo

web browsers? If so, please type them in the space below.

=

24. Do you have any other comments, observations, or information you would like to share with us about your experiences trying to re-locate information using

End of Survey

after you click the SUBMIT buttaon, you will not be able to change any of your responses.

Submnit

Please click the SUBMIT button below when you are finished with the survey and are ready to submit your responses.

%] Dane, but with errars on page,

[ [ (& my computer



Appendix D

Visual Basic Data Collection Program

This appendix contains screen capture images afustom Visual Basic data collection program uged t
present the task descriptions and to collect in&dimm from participants about each task. The ogis
described in section 4.2. Note that the task desan shown in these images is a sample taskwhatnot
used in the actual study.

_lojx

Instructions

In the tasks for today, you will be asked to look
for some information using the Internet and a
web browser.

You will also be asked to answer some questions
before and after each task.

For some of the tasks, you may be asked to think
out loud to describe what you are thinking and
doing as you work on the task.

There are a total of 18 tasks for today’s session.
You may work at the tasks for up to 1 hour total.

Please work through the tasks in order.
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Robert G. Capra lll

ﬂglnstructiunsz

Instructions {continued)

In the tasks for today, you will be asked to look for
some information using the Internet and a web
browser.

If you cannot find the information asked for by a
task, that is okay. You can stop work on the task
and go to the next one.

Go about the tasks as you normally would use the
web to find information.

If you normally create or use bookmarks, short-
cuts, or other types of notes, please feel free to do
S0.

When you are ready to begin, please click the
button below to start the first task.

=10 x|
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¥ Before Task Questions -10| x|

Task 1

Read the task below, and before you start working on &, anzwer the following questions.

T azk Description

Goto aweb page where you can login to read vour email
[if pou know of one]

1. How often do you do thiz type of task uzing the Internet in pour dap-to-day life?

i [ [ [ [ i [ [
borethan Onceper  Several Onceper Sewveral DOnceper Lessoften  Mewver
once per day tirmes per week times per maonth  than once

day week mianth per maotth

2. How difficult do you think, this tagk will be?

i [ [ [ [ [ [
ey Drifficult Somewhat  Awerage  Somewhat Eazy Wer eazyp
difficLilk difficult 2asy

3. How well do you know how to get to the information’?

i [ [ [ i i i
1 2 3 4 5 B 7
| Drom’ ko | Krow exactiy
where it iz where it iz

4, |z thiz task focuzed on finding a specific piece of information, or on
browszing around to find zomething of interest?

i i i i
1 2 3 4
Finding specific Browsing for
information zomething of interest

5. Speaking outloud, briefly describe the stratege vou plan to uze to get to the information.
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B After Task Questions
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IR
Task 1

B. How difficult was thiz tazk?

i i i i i i i
e Dufficult Somewhat  Awerage  Somewhat Eazp Wery eazy
difficuilk difficult Eagy

7. Speaking outlouwd, descrbe why the tazk waz eazy or difficult?

8. Speaking outlouwd, dezcribe what helped you find the information.

9. Speaking outloud, describe what you remembered from lazt ime about finding this or
gimilar information?

10. Speaking out lowd, describe what you remembered that you didn't use or that was
confuzing?

11. ‘wiaz it easier to get the information thiz time’?

[ [ [ [ i i i
b ich E azier Somewhat  Aboutthe Somewhat Harder b ich
easier eagier zame harder harder

12. Speaking out loud, dezcribe what [if anything] would have helped you find
the information Faster ar more easily™?




Appendix E

Finding and Refinding Tasks

This appendix contains tables of the finding arfthdéng tasks, with the full task descriptions usedhe
study and a list of what information was requed$tecach task.
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Robert G. Capral lll

Appendix E. Finding and Refinding Tasks

Table 55. Session 1 and Session 2 Tasks Compared

ent

at

Task | Topic Session 1 Task Description Similarity| Sessidoh Task Description

Num

1 Dictionary Look up the meaning of the word, Path Look up the meaning of the word,
salubrious frugivorous

2 ReadNews Find and READ news story about worlll Find the news story that you read
news last week about world news.

3 Phone Find the phone number for the Mish | Exact Find the phone number for the
Mish art supply store in downtown Mish Mish art supply store in
Blacksburg downtown Blacksburg

4 Shopping Look for prices on Women's Subset Find one of the Women's
Sweatshirts. Find two possibilities that Sweatshirts that you looked at
you might buy for a gift to a friend or during the session last week.
relative. Please look at at least three
different sweatshirts from three
different places to buy.

5 Travel Find a flight from Roanoke, VA on Path Find a flight from Roanoke, VA on
Dec. 1 to Chicago, IL and return on Dec. 14 to Chicago, IL and return
Dec. 4 on Dec. 19

6 Research Find instructions about how to solve|ttexact Find instructions about how to
Rubik's cube. solve the Rubik's cube.

7 Travel Imagine that you are planning a trip tp Subset Find one of the tourist attraction
San Francisco, California. Find two or events for San Francisco,
tourist attractions or events that you California that you looked at
might be interested in. Please look at|at during the session last week.
least four different atrractions or events.

8 Phone Find the phone number for the Kroger Path Find the phone number for the
grocery store in Blacksburg near the Kroger grocery store in Blacksburp
Math Emporium on South Main Street near El

Guadalupe

9 Homepage Go to the Wal-Mart Web site Different  t&the Web site for Dr. David
Patterson at the University of
California at Berkeley

10 Sports Find the score from the most recent | Exact Find the score from the most rec
Atlanta Falcon's NFL football game. Atlanta Falcon's NFL football

game.

11 Movies Find a movie that you are interested |nExact Find a movie that you are
seeing. Find a list of the starting times interested in seeing. Find a list o
for the movie for today. the starting times for the movie fo

today.

12 Stocks Find the current price for Microsoft | Exact Find the current price for
stock. Microsoft stock.

13 Homepage Go to the Web site of Dr. Stasko at | Exact Go to the Web site of Dr. Stasko
Georgia Tech Georgia Tech

14 Weather Find tomorrow's hi and low temperatprBifferent Go to the Web site for The Recor
for Madrid, Spain Exchange music store on Main

Street in Blacksburg

15 Research Find an instruction manual for a Exact Find an instruction manual for a
Panasonic AG-1340 Video Cassette Panasonic AG-1340 Video
Recorder (VCR) Cassette Recorder (VCR)

16 Weather Find tomorrow's hi and lo temperature Exact Find tomorrow's hi and lo
for Blacksburg temperature for Blacksburg

17 Academic Find out what the last day of classes|i Path Find out when Spring Break is fo
for the Spring 2004 semester the Spring 2004 semester

18 Map Find out how to get from the Exact Find out how to get from the
Blacksburg Municipal Golf Course to Blacksburg Municipal Golf Courseg
the Macados on University Blvd. to the Macados on University

Blvd.
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Table 56. Session 1 Task Descriptions and Informian Requested
Task | Session 1 Task Description Information Format Infomation Requested
Num
1 Look up the meaning of the word, | Text box Brief definition
salubrious
2 Find and READ news story about | Radio buttons Did you find and read one?
world news Yes, no
3 Find the phone number for the Mish Text box Phone number
Mish art supply store in downtown
Blacksburg
4 Look for prices on Women's Text box Sweatshirt #1, name and brand
Sweatshirts. Find two possibilities | Text box Sweatshirt #1, Why did you choose
that you might buy for a gift to a this one?
friend or relative. Please look at at | Text box Sweatshirt #2, name and brand
least three different sweatshirts from Text box Sweatshirt #2, Why did you choose
three different places to buy. it?
5 Find a flight from Roanoke, VA on | Text box Airline name
Dec. 1 to Chicago, IL and return on| Text box Flight times
Dec. 4 Text box Ticket price
Text box Why did you choose this one?
6 Find instructions about how to solve Radio buttons Did you find it?
the Rubik's cube. Yes, no
7 Imagine that you are planning a trip| Text box Event #1, name
to San Francisco, California. Find | Text box Event #1, Why did you choose this
two tourist attractions or events that one?
you might be interested in. Please | Text box Event #2, name
look at at least four different Text box Event #2, Why did you choose this
atrractions or events. one?
8 Find the phone number for the Text box Phone number
Kroger grocery store in Blacksburg
near the Math Emporium
9 Go to the Wal-Mart Web site Radio buttons Did you find it?
Yes, no
10 Find the score from the most recent Text box Opponent name
Atlanta Falcon's NFL football game.| Text box Game score
11 Find a movie that you are interested Text box Movie title
in seeing. Find a list of the starting| Text box Earliest movie time
times for the movie for today.
12 Find the current price for Microsoft | Text box Stock price
stock.
13 Go to the Web site of Dr. Stasko at| Radio buttons Did you find it?
Georgia Tech Yes, no
14 Find tomorrow's hi and low Text box Hi
temperature for Madrid, Spain Text box Lo
15 Find an instruction manual for a Radio buttons Did you find it?
Panasonic AG-1340 Video Cassette Yes, no
Recorder (VCR)
16 Find tomorrow's hi and lo Text box Hi
temperature for Blacksburg Text box Lo
17 Find out what the last day of classes Text box Date
is for the Spring 2004 semester
18 Find out how to get from the Text box Estimated distance
Blacksburg Municipal Golf Course tp
the Macados on University Blvd.
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Table 57. Session 2 Task Descriptions and Informian Requested

Task | Session 2 Task Description Information Format Infomation Requested

Num

1 Look up the meaning of the word, | Text box Brief definition
frugivorous

2 Find the news story that you read lastRadio buttons Did you find it?
week about world news. Yes, no

3 Find the phone number for the Mish Text box Phone number
Mish art supply store in downtown
Blacksburg

4 Find one of the Women's SweatshirfsText box Sweatshirt, name and brand
that you looked at during the sessiop Text box Why did you go back to this one?
last week.

5 Find a flight from Roanoke, VA on | Text box Airline name
Dec. 14 to Chicago, IL and return on Text box Flight times
Dec. 19 Text box Ticket price

Text box Why did you choose this one?

6 Find instructions about how to solve Radio buttons Did you find it?
the Rubik's cube. Yes, no

7 Find one of the tourist attractions or] Text box Event name
events for San Francisco, California] Text box Event price/cost
that you looked at during the session
last week.

8 Find the phone number for the Text Phone number
Kroger grocery store in Blacksburg
on South Main Street near El
Guadalupe

9 Go to the Web site for Dr. David Radio buttons Did you find it?
Patterson at the University of Yes, no
California at Berkeley

10 Find the score from the most recent Text box Opponent name
Atlanta Falcon's NFL football game.| Text box Game score

11 Find a movie that you are interested Text box Movie title
in seeing. Find a list of the starting | Text box Earliest movie time
times for the movie for today.

12 Find the current price for Microsoft | Text box Stock price
stock.

13 Go to the Web site of Dr. Stasko at| Radio buttons Did you find it?
Georgia Tech Yes, no

14 Go to the Web site for The Record | Radio buttons Did you find it?
Exchange music store on Main StregtYes, no
in Blacksburg

15 Find an instruction manual for a Radio buttons Did you find it?
Panasonic AG-1340 Video Cassette Yes, no
Recorder (VCR)

16 Find tomorrow's hi and lo Text box Hi
temperature for Blacksburg Text box Lo

17 Find out when Spring Break is for theText box Start date
Spring 2004 semester Text box End date

18 Find out how to get from the Text box Estimated distance
Blacksburg Municipal Golf Course to
the Macados on University Blvd.
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Appendix F

Institutional Review Board Approval Memos

This appendix contains copies of the Virginia Téwdtitutional Review Board Approval Memos for the
studies conducted as part of this dissertation.
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Mo veamber 12, 205
MEMORANIM M

T Marwe] A, Percz-Chiinones O omputer Science €104
Pobert Capra Comiputer Scienee 010468

FROIM: David M, Moore 508

SUBRIECT:  Expedited Approval — “An Tniestizatin of Web [nformation Re-
Finding™ IRE #03-339

This meme is regarding the sbove-mentionsd promeol. The pruposad research ig cligible
T expedited review according to the specificutions authonsed by 45 CFR 46,110 and 21
CFR 35,11, As Chair of the Virginia Tech lnstitutional Review Board, 1 heve granted
apprvel 1o lhe stdy For 4 period of [2 mouths, efmctive Wovernber 11, 2003,

Approval of your reszarch by the IRP provides the appropeiale tevicw Bs remquired by
tederal ynd state laws regarding human subjec) research.” It 3 yvour rezpenanilily te
report ko the IRB any adverss reactiong that can be sttribated b this studly.

To conlinus the project past the 12 monh approval period, & CORLNOINE reVieE
application mest be submitted () dave prior o the anrivesary of the original appworval
date and a simmary of the project to dute must be provided. My oFfiee will send B a
reoninder oF thee (500 days prior & the annivorsacy dale, o

o Fike
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