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ABSTRACT

This paper tells the story of a series of experimatesigned to explore the relationship betweeravietal
preferences and user performance in informationeketl projects. The experiments are a set of romit user
interactions with a randomly selected set of doaumefrom a large corpus. Users’ behavioral prefegerare recorded in a
pre-test questionnaire, and their subsequent sesai@ measured against standardized IR perfornmaatrics of Recall
and Precision. User IR performance is analyzedsifymificant correlations with a set of behavioredles. The scales are
designed to measure user preferences in the afeéslecance for ambiguity, locus of control, inndiveness in

technology, and dispositional innovativeness.

Our findings support that a relationship existsaeen IR performance measures of recall and pregisiod a
user’s behavioral preferences. Our findings alsggest that behavioral preferences may be usedetitecia predictive
model to forecast a user's IR performance. Theselings can be applied to organizations that primistrategies

depending on the orientation of the searching aniihg goals for an electronic document collecti@ing reviewed

KEYWORDS: Information Retrieval, User Behavior, Recall, &s@®n, Locus of Control (LOC), Tolerance for

Ambiguity (TOA), Personal Innovativeness (PIIT) spositional Innovativeness
INTRODUCTION OF THE PROBLEM AND RESEARCH QUESTION S TATED

IR projects tend to reflect the stakeholder’s iestiin finding documents meeting their particulantal model of
relevanceas related to the specific subject matter beindevead within a corpus of documents. The constrict o
Relevancen this research is defined as a document contgithia closest similarity, in content and conteattite subject
matter of focus. In this application, an IR systemployed to search, sort and select documents &omelectronic

collection does not inforran the subject matter being queried, but instewed|R

Systeminforms about the existenc# documentscontaining elements of the subject matter beingeried
(Vanrijsbergen, 1979).

To the extent that a system helps to produce doetmtleat are theostrelevant, and avoid producing documents
that are not relevant or less relevant, an IR sysseipports two objectives: First, it should fulfihe stakeholder’s
information need, by providing the desired docummeand second, it should save time and cost imetiewing process,

by reducing the number of unwanted documents.
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The scenario we explore in this paper is the ch&elevancén terms of a set of documents matching a particula
information need (relevance criteria) ultimatelytlsel by the judgement of a requester (stakeholieg multi-user IR
project. In this case the stakeholder is an exgresemi-expert on the subject matter being quekiedshe engages the use
of “reviewers” as proxies to scale-up productiontted “humans in the loop” of a searching and sgrtiR project for

processing large collections of electronic document

The general problem described herein is both a mmaation and a minimization problem: How can the
stakeholder communicate his or her mental modeklvance to the reviewers of document collectismsh that the
greatest number of the most relevant documents radrieved and such that the fewest number of thstleelevant

documents are retrieved?

We model this problem as a case of leveraging ¢istcucts oknowledgeand exploration(Hyman et al., 2015).
When we discus&nowledgewe are referring to the tacit (know how) mental elodf the stakeholder who has a keen
understanding of the nature of the  context amtdent of the subject matter being queried forlehéask. The boundary
of the stakeholder’s knowledge lies in his or feaklof insight about the contentstbé collection being queried and the
context of the documentsatching the relevance criteria. The stakeholdeowiensomething about the subject matter, and
has a general idea wfhat he/she is looking fer this motivates the first of two research questidiiow can we design a
tool to support reviewers’ exploration of the cantef a collection being queried to develop an us@eding of the
context of the documents comprising it? This wadresked in a paper by (Hyman, et al., 2015).

Of course, training the reviewer about the contdrthe collection and context of the documentsdsenough.
We must also align the skill sets of the reviewé@hwthe strategic goals of the IR task being pented. This motivates the
second research question: How can we use behayimrfdrences to best align the skill sets of théemers with the

strategic IR goals of the stakeholder? This isohrestion addressed by this paper.
Exploration-Exploitation Theory

Our experiments in this area have been followitige of research on the theory efkploration— leveraging the
user’s natural curiosity and sense making skillel@wski et al., 2001; Demangeot and Broderick, 20¥¢hen we
discussexplorationwe are referring to a user’s natural tendency tigwtheir course of action to drill down on a do&rh
found in a collection — representedeagloitation(Karimzadehgan and Zhai, 2010), versus abandohisig document in
favor of searching for alternative documents thighincloser match the stakeholder’s relevancerait& his phenomenon
is acknowledged in the research literature as déxplbration-exploitation dilemma” (Cohen et al. 020 Hoffman et al.,
2013).

IR Process Model

Hyman et al., 2015, developed an IR Process Moti@hwfocused on IR user behaviors identified assicey,
skimming, and scrutinizing. The experiment repoiitethis paper builds on the IR Process Model ofridy et al., 2015
as a framework to support the study of user behalvigreferences as a predictor of user IR perfoomaithe results
reported in this paper provide insight into howsans preferences may be used to align a reviewatigral tendencies

with the strategic goals of the IR project, to iy productivity.
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An underlying assumption here is that IR proje@s tange along a continuum between recall certasting a
wide net) on one end, and precision centric (exegu more selective, narrow approach) on the ather Simply put,
some stakeholders are more concerned with findiegrtaximum number of possibly relevant documenkgreas other
stakeholders are more concerned with a findinglaaed set of the most relevant documents with theerstanding that

there may be a trade-off of missing some potegtiallevant documents.
Description of IR Problem Presented

The IR problem discussed here is modeled as twavat tasks: Collection and Evaluation. The firstrieval
task is collection — to meet the goal of findingpdssible documents that fit the requesting datérecall), and avoiding
documents that do not fit the criteria (precisid)e second retrieval task evaluation, involvesréview of the documents

in the extracted set.

There are many commonly used IR project examplethisftwo-tier procedural approach. We motivate ou
research here using Legal IR and Medical IR whikehiolders and reviewers are significantly represgkin conditional
document production efforts. In the example of IléBathere are two stakeholder groups. The firsug is the requestor
of documents from the repository of the secondedtalder group, the owner of the document collectinressence the
second group attempts to meet the requestor grifupask as narrowly as possible — producing thaicwimeets the
relevance criteria, and yet avoid producing docum#émat fall outside the criteria. The motivatioerén can be a host of
issues ranging from privacy interests associatéd releasing documents outside of the requiremémigroduction costs
associated with large volume retrieval. In the epd@nof Medical IR, numerous moral, ethical and fatpry issues

motivate the IR strategic goal of producing onlgttivhich is relevant to the stakeholder’s request.

The strategic IR goal of producing only that whitleets relevance criteria is represented as maxigittie
number of relevant documents (recall), and miningznon-relevant documents (precision). We depiet cbmpeting
interests of Recall versus Precision, and the {ddfiebetween them, in a confusion matrix—Falseatieg/False positive

table in Figure 1.
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Figure 1: Recall/Precision Relevance Confusion Maix

We assume the IR stakeholder has a significantefrafmeference about the nature, structure andacteistics
of the targeted documents. Another assumptioraisttie stakeholder has a significant frame of egfee about the nature
and content of the document collection being tad)¢Oard et al., 2010; Grossman and Cormack, 20ddrhees, 2000).

Motivation to Focus on Behavioral Scales

A significant recurring problem reported in IR profs is how to balance the leverage achieved throug
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automated methods against the final review stadmiofan inspection. (Grossman and Cormack, 2014).

The behavioral experiments described in this papeidesigned to address this problem by providismght into
how a user’s behavioral preferences can be usaliljioa reviewer’'s skills and tendencies with thrategic goals of an IR

project.

Identifying patterns and preferences, and aligriirggn to the over-all goals of an IR project camgtate into
savings in time and cost during the human reviescg@ss — the most expensive portion of an IR prajactn that the
most expert and highly compensated are assignédetdinal review — of great concern to the stakdéplseeking to

balance the pressure to reduce cost with the desv@fritoduction and quality in the review process.
Discussion on Information Seeking and Automated Tde

Prior research has found that information seekeny e divided into two categories: broad explorasearch,
and precise search specificity (Heinstrom, 2006)e Toncept of broad exploration has been foundeta tpossible
indicator of an overview strategy to build knowlegdgwvhereas precise information seeking may be @indtor of a more
tightly focused search (Heinstrom, 2006). The ulydeg assumption here is that in the case of pi@eisearch, the user

has a specific frame of reference from which testigate and probe a collection.

Automated methods and tools are an effective waysdd through large collections.However, a recigrin
limitation associated with IR automated tools lieshe flat nature of using search terms. Ultimatelven the best fitted
weighted algorithms and machine learning technigirethe end only count up the occurrences andildigions of the
terms in the query; “the machine” never really “iws3 the meaning behind the words or what might te greater

concept of interest to the human performing thectea

Users have the luxury of assuming dependencieseleetwoncepts and expected document structureseagher
automated tools leverage knowledge through theanseprocess of statistical and probabilistic messaf terms in a
document, and its relationship to the collecti@ngdétermine a match to a query — relevance (Gkf88). If the measure
meets a predetermined threshold level, the documertllected as relevant. However, the meaning ingethe terms is
lost and can result in the correct documents beirsged or the wrong documents being retrieved. ¥éetlsis occurring
with instances of polysemy and synonymy (Giger,898eerwester et al., 1990). An example of this kde a user
searching for documents related to an “oil spitidanot retrieving documents describing a “petroleintident,” or a user
searching for incidents of a person suffering d™fnd the search engine returns documents deésgrém autumn day in
September (Hyman and Fridy, 2010).

One way to address the disconnect between a sgtaoth terms and a user’s meaning is to modeltthgegy
behind the search tactic (Bates, 1979). One t&fite structure. This tactic describes the meanser applies to search
the “structure” of the desired source or file (Bat2979). Another tactic is identified s it describes the “selection
and revision of specific terms within the searcBates, 1979). A user develops a strategy for rettibased on their
concepts. These concepts are translated intortims fer the query (Giger, 1988). The IR

System is based on relevancy which is the matobirige document to the user query (Salton, 198%s@ah et
al., 2008).
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There is significant research that suggests a “comapproach” to large collection search is foruber to begin
with “an already known term” (Lehman et al., 201The use of the known term can be viewed as appetiig the
stakeholder's mental model of relevance. An assiomtere is that this can lead to an item thatrinfothe review as the

user of the system with additional terms to impregarching and sorting of the collection of docutsien

When more than one item is returned the user Fagpkion of reviewing each item one at a time. Bhen a
large volume of items is contained in the retriesat, the user must apply some method to seleuisit®r further
inspection from among the set. (Lehman et al., 2@éeloped a visualization method for users tdaedarge document
collections. The results of their study found tHatsual navigation can be easily used and undedst¢Lehman et al.,
2010). We adapt this underlying premise along WithIR Process Model (Hyman et al., 2015).

Document representation has been identified ay@dmponent in IR (Vanrijsbergen, 1979). There i®ad to
represent the content of a document in terms ohé@aning. Clustering techniques attempt to focusatepts rather than
terms alone. The assumption here is that docungeatgped together tend to share a similar concemtKRr and Bezdek,
1999, 2003) based on the description of the clisstdraracteristics. This assumption has been stgghban the research
through findings that less frequent terms tendawetate higher with relevance than more frequents$. This has been
described as less frequent terms carrying the mastning and more frequent terms revealing nois@g$nan and
Frieder, 1998).

Another method that has been proposed to achieneepd based criteria is the use of fuzzy logic dovey
meaning beyond search terms alone (Ousallah &0418). Ousallah et al.,proposed the use of cocteanacteristics. Their
approach applies rules for locations of term o@noes as well as statistical occurrences. For eeamplocument may be
assessed differently if a search term occurs iritlee keyword list, section title, or body of thdocument. This approach
is different than most current methods that lirhéit assessment to over-all frequency and distdbudf terms by the use

of indexing and weighting.

Limitations associated with text-based queries Haen identified in situations where the searchighly user
and context dependent (Grossman and Cormack, ZlHidRen et al., 2007). Methods have been propasdutidige the
gap of text-based. (Brisboa et al., 2009) propasddg an index structure based on ontology andrédgtences to solve
queries in geographical IR systems. (Chi-Ren eR8D7) used content-based modeling to supportaspgial IR system.
The use of ontology based methods has also bepos®d in Medical IR (Trembley et al., 2009; Jarn2011).

Guo, Thompson and Bailin proposed using knowledderced, KE-LSA (Guo et al., 2003). Their reseaval
in the medical domain. Their experiment made uséodfiinal term- by-document matrix, augmented watiditional
concept-based vectors constructed from the sematntictures” (Guo et al., at page 226). They afplieese vectors
during query-matching. The results supported thair tmethod was an improvement over basic LSAh#irtcase LSI
(indexing).

An alternative method to KE-LSA has been proposgdRishel et al., 2007). In their article, they pose
combining part-of-speech (POS) tagging along withNdLP software called “Infomap” to create an enlement to LS
indexing. POS tagging was developed by Eric Bnill 1991, and proposed in his dissertation in 19%& doncept behind

POS is that a tag is assigned to each word andyelaumsing a set of predefined rules. The signiieasf using POS as
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Proposed in the above article is its attempt tolioethe features of LSA, with an NLP based techaisome
probabilistic models have been proposed for quapamsion. These models are based upon the PrdpaRdinking
Principal (Robertson, 1977). Using this methodpeutinent is ranked by the probability of its relesafCrestiani, 1998).
Examples include: Binary Independence, Darmstadéeximg, Probabilistic Inference, Staged LogistiaqgfRRssion, and

Uncertainty Inference.

Ultimately, all IR tasks share in common some farfnthe problem of uncertainty. Uncertainty refeygtie semi-
structured or unstructured nature of the data.g®a1986) proposes a design model identifying lineet (3) principals:
Uncertainty, Variety and Complexity, associatedhwitie search of unstructured documents. Uncert@ndgfined as the
indeterminate and probabilistic subject index. ¥arirefers to the document index. Complexity refersghe search
process. One of the features of her proposed maodklded an emphasis on semantics. In this reseagclexplore

behavioral preferences as a means of explaininglRowsers might deal with the uncertainty problem.
Theory and Framework Guiding this Study

The research model used to guide this study istadaipom theExecutives’ Information Behaviors Research
Model (Vandenbosch and Huff, 1997). The model is degidgteFigure 2. Vandenbosch and Huff use their madel
describe and explain factors affecting executivésformation retrieval behaviors. They propose twstidct behaviors,

focusedsearch andscanningsearch. These two behaviors impeficiencyandeffectivenesi performance.

An executive information system model is a clospragpimation of an IR system explored in our stugs and
IR of an electronic document collection are similarthat both circumstances assume users are doamaifor subject
matter experts and knowledge of context has sigifi impact upon the performance result. EIS usee& solutions to
problems in uncertain environments (Vandenbosch tunid, 1997); similarly, IR users seek solutionsan uncertain

environment — extracting relevant documents frozorpus of uncertainty.

Individual Differernces:
Taleramnce Tor Ambiguity
Locus of Control -

Innovativensss "--.___*__ Tarcaived Improsemanti-
b " b Drganization
v i

_.' Focusad Saearch I|—'Il'--_ T 1
\\_\ i V. s Efficiency -
] w
Organizational Contextual __}{
Factars: . TN
lab Charscterstics -— l,-". AN
Social Influences = S AN
Perceived Envircnmeantal "‘-._ .-" et
Uneertminty :.h "y
i ¥ T ", Ferceived Improsements-.
I i Y ¢ in Organizationa
F) Scanning . Performance;
System Characterlstics: l."II v d - Effectiveness
Differentiaticn § o i S
Integrity
Flesikaility

Figure 2: Executives’ Information Behaviors Resears Model (Vandenbosch and Huff)

In this study we seek to measure behavioral fatct@simpact recall and precision. The Vandenbasuh Huff
Model is adapted to our research here as depint&igure 3. The study evaluates whether a usetia\ber preferences

matter when it comes to IR tasks and design.

The construct of Focused Search is adapted to rippaite the search behaviors associated with tHenpesnce

measure of Precision. This construct is repretigataf the user who formulates a specific questiorsolve a well-
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defined problem (Huber, 1991; Vandenbosch and Hi#97). The construct of Scanning is adapted tocxapate the
scanningbehavior of exploration originally addressed by (Hyman et al., 2015).sTtonstruct is representative of the
user who browses data looking for trends or patteseeking a broad, general understanding of geisn question
(Hyman, et al., 2015; Vandenbosch and Huff, 1993uikar, 1967).

Efficiency—doing things better according to HubE991-- is adapted in this study for Precision ¢éfficy in the
extraction by avoiding non-relevant documents) Bfféctiveness -- being more productive is adapiethis study for

Recall (effectiveness in retrieving the maximum bemof relevant documents).

r Coanning '} - Effectiveness ™
#,#"'\ {Exploration) . \ Recall .
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Figure 3: Adapted Information Retrieval Behavior Model

We use four scales to measure individual differencgoacting the latent factors of IR performandee Scales of
Tolerance for Ambiguity (TOA), Locus of Control (1), Dispositional Innovativeness (DISPO), and Peato
Innovativeness (PIIT), are operationalized usingvfmusly validated instruments (Rydell and Rose366} Levenson,
1974; Steenkamp and Gielens, 2003; Agarwal anchBy4998).

Population Frame and Sample

The population of interest in this research is mapeof digital collection reviewers as IR userseTesearch
presented here explores how behavioral scalesetter lalign the reviewers’ preferences with thatetgic goals of the IR

project for improving performance in the result set

This study approximates the IR user who does ne¢ lama priori mental model for relevance. Instead, he/she
seeks a broad scanning/exploring of the collediiogain insight into context and meaning to bettederstand the model
of relevance. This study explores Legal-IR as &ifipesubject matter of focus and employs law shidd¢o approximate

legal professionals and litigation support persbane total of 120 third year law students repréisgrthree

Universities have volunteered to participate inghely. These students are well suited for the yshadause they
have been exposed to Legal-IR concepts in therolassor have experience through summer clerkslygisthey are
relatively less experienced than Legal IR professli® such as lawyers and paralegals. This alloevstidy to control for
legal experience and litigation expertise. Our gisato measure the differences between the groupsaaoid the

expertise bias that legal professionals develomdunheir litigation experience.
Document Collection

The document collection used in this case is th&EN collection, version 2. This collection has beeade
available to researchers from The Text Retrievahf@@nce (TREC) and the Electronic Discovery RefeeeModel
(EDRM). The collection contains between 650,000 &8d,000 email objects depending on how one caattashments.
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The collection has been validated in the litera{®EC Proceedings 201%orhees and Buckland, editors). The Enron
collection is a good representation for a corpudamfuments sought during litigation. The collectism corpus of emails
formatted in PST file type. The collection is ageaable approximation of the problem of uncertabggause the emails
in the collection contain a variety of instancesuoétructured documents, in varying formats (Wdtxcel, PPT, JPEG)
making retrieval particularly challenging for ant@mated process. With over 600,000 objects, thledan is also large

enough to be a good representation for the problevolume.
Data Collection Methods Used
The methods have been used in this study to reberdser sessions in the experiments.

They are as follows:

. Notes taken during physical observations of thesugerforming the IR task;

. Pen and paper questionnaires used to record tleibedl scales;

. Post-task interviews conducted to provide furthsight into the testing methods;

. Verbal protocols whereby the users are asked toKhut loud” during the experiment.

We make use of a computer interface applicationigded to present a series of screens to supporfotioaving

actions taking place in the sessions:

. Informed consent protocol which must be agreedytthe participant,

. Description of the study,

. IR task description,

. User input screen for selection of search terms,

. User interaction screen to display resulting doauisiand to record user relevance judgements.

The computer interface application is designed resgnt a selection of documents based on user gatimi
criteria using an iterative process. The systenegtscuser relevance feedback to create the nemrtlrofiselections. The
system supports the following behaviors and fumstio

. The user is given radio buttons to indicate whethéocument is relevant or not relevant;

. The user is able to give the system hints in thenfof identified terms within the document as rules

relevance or non-relevance;

. The system performs multiple iterations of documealection based on user feedback until a pre-
determined threshold is reached, measured by raedll precision. In this study the number of itenadiis fixed

at 10, the unit of analysis is the individual, dhd design is a repeated measures format.

Data collected from the pen and paper questiorhdiaze been transferred to a spreadsheet andedpuatb
SAS 9.2 for statistical analysis. This data is usedriangulate the results of the experiments xXplan relationships

among IR behaviors, user search techniques, IRsgswduced, and performance measures.
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Data collected from observations, verbal protocatg] pre and post-task interviews have been useéwvelop
quotes for useful descriptions for insight into theeriment sessions, and also to assist the auithdormulating future

research questions.
Method of Analysis and Measurement

SAS 9.2 is the statistical package used for thdysisain this study.User IR performance is measuisihg
dependent variables (DVdRecallandPrecisionwith a linear regression model. The model is cosgatiof the behavioral
scales Tolerance of Ambiguity (TOA), Locus of Caht{LOC), Personal Innovativeness (PIIT), and Disponal

Innovativeness (DISPO).

Data collected to measure the independent variaiiés of Locus of Control, Tolerance for Ambiguity
Dispositional Innovativeness, and Personal Inngeatss are analyzed for significance of impact uthendependent
variables (DVs) oRecallandPrecision,in a main effects model. Interactive effects amtivgglVs are also analyzed using
a “full model” which includes the main effects ainteractive effects of the stated IVs. All four Esahave been analyzed

for reliability using Cronbach’s alpha measure.
Document Seeding

The research conducted here is concerned withtsegrdduced from human choices resulting from asitijom
and translation of contextual and subject mattevkedge. We measure the differencesRiecall and Precisionin the
retrieval result. Hyman et al., 2015 accessed heW users are able to identify relevant documestagiexploration as a
method and manipulating time as a treatment. Ihghaly they used “seeding” of known relevant doents to establish
a base-line number of relevant documents withirdtite set to access Recall and Precision in thendexat selections. We

apply the same seeding technique used by Hymah, tetestablish base-lines in this study.

Seeding is a technique that has been used in obsstadies to improve initial quality for develogialgorithms,
evaluating performance and testing software (Bueka)l., 1998; Fraser and Zeller, 2010). We accim@eeding in this
study by randomly selecting 9,000 previously id@di non-relevant documents from the 680,000 itetbection. A
selection of 1,000 documents, previously identifigd TREC 2011 as relevant to the IR task, are addetthe 9,000
random items to create a 10,000 document set. Tlafysds in this case is concerned with the numberetevant

documents retrieved (Recall) and the percentagel@iant documents within the retrievals (Precision
Pre-Task IR Behavioral Questionnaires

In this study we use known scales previously védidan the literature to anchor our findings abimdlividuals’
exploration search attitudes and techniques. Theesare administered using pre-task questionnaiveshave chosen
two scales known to be associated with user IRWiehand two scales known to be associated witlovativeness. The
guestionnaires are adapted from previously valaidaém inventories. Two scales associated with IRdxehavior are: (1)
Tolerance for Ambiguity and (2) Locus of Control glenbosch and Huff, 1997). The two scales assdciatth
innovativeness are: (1) Dispositional Innovativen€Steenkamp and Gielens, 2003) and (2) Personalvativeness
(Agarwal and Prasad, 1998).

We also apply a technique to verify how well thetipgpant understood the task requested by theystétter

review of the IR task, the participants were askedomplete a short pen and paper questionnaiigreibsto validate that
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the participant had a threshold understanding ®fptioblem they were being asked to solve. Therakiowas to control
for a participant’'s poor performance resulting franfailure to understand the task. The pre-task samk verification

guestions are listed in the Appendix.
Verbal Protocols, Interviews, Post-Task Questionnags

The data collected from the verbal protocols, witavs, and questionnaires have been analyzed @ fin
illustrative quotes to support the relationshipserlved among the variables and to develop futwgeareh questions. The
purpose for using verbal protocols, post-task qoesaires, and interviews is to gain greater insigto what users focus
upon when exploring a collection, how users deteenasind formulate their search strategies (Bate&)19and how user
IR behavior impacts the IR process. Users are eaged to “think out loud” during the IR task sotthieir thinking
process and physical action can be recorded andegqubntly transcribed (Vandenbosch and Huff, 19@3%d and
Benbaset, 1987).

Semi-structured interviews have been developed quitstions adapted from Vandenbosch and Huff (199%
interviews are designed to gain insight into thiéedénces between IR behaviors that favor Rec#ié¢dveness) versus
Precision (efficiency). Questions were asked pask-to determine how users’ IR behaviors had begracted by the

system. The post-task questions asked during theviaws are listed in the Appendix.

Post-Task paper and pen questionnaires were usgairtonsight into what specific techniques papéeits used
to complete the task, how the participants charaei@ their chosen techniques as a form of IR &miutand the

participants’ attitudes toward solving IR problerfr development of future research questions.
Description of Task

The method used in this study is a controlled erpent. The purpose of the experiment is to meatheaffect
upon IR performance of user exploration of a ssathple of a large corpus. Performance is measwrékdebdependent
variablesRecallandPrecisionas previously defined. Sets of explanatory varmlolemprised of behavioral scales known
to be associated with preferences that are prediaiithe use of technology and innovativenesseaerded prior to the
task.

All participants are given the same task. The task provide recall (search) terms and eliminaterms (filters)
in response to an IR project request. The taslbban adapted from the TREC Legal Track 2011 Centex Problem Set
#401. The problem set is reproduced in the Appendi

Description of Behavioral Scales

The behavioral questionnaires are designed to atotlata on the four scales measuring user IR beteavi
attitudes: Tolerance for Ambiguity (TOA), Locus @bntrol (LOC), Dispositional Innovativeness (DISP@hd Personal
Innovation (PIIT). Ten (10) subjects from the papant group have been selected for verbal prosogiedl are encouraged
to “think out loud” while performing the IR task.oBt-task interviews are conducted with these stibjer develop

further insights into the user IR behaviors and ageans for triangulation against the behavioralesc

Independent Variables (1Vs) representioterance for ambiguity (TOAJocus of control (LOG)dispositional

innovativeness (DISPOandpersonal innovativenegRIIT) have been
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Assigned to track user behavioral factors assatiaiith information retrieval technology and innaeat This
study focuses on the portion of the Informationrieeal Behavior Model from Vandenbosch and HuffRigure 2,
representing the impact of behavioral measures tipen dependent variables (DVRgcalland Precision The adapted

model is depicted in Figure 3.
Behavior Scales Explained

Personality traits have been associated with inftion seeking patterns and differences in searptoaphes and
strategies (Heinstrom, 2006). The four behaviorales explained above have been chosen to meastieegnces known
to be associated with information retrieval andowation. The goal is to determine which scalessagrificant in ability
to predict IR performance of individuals, measubgdhe variablefRRecallandPrecision The four behavioral scales and

their corresponding Alpha values are listed in €ahl They are further described and explainednaraative in the next

sections.
Table 1: List of Behavior Scales
Variable Name Description Number | Cronbach’s
of Items Alpha
TOA Tolerance for The degree to which an individual is8 .80
Ambiguity willing to accept ambiguity is “related

to an individual's desire to create
uncertainty and tend toward scanning
behavior because they are not fearful
of the ambiguity that often results.”
(Vandenbosch and Huff, 1997)
LOC Locus of Control | A person who has a higher LOC 5 .85
believes he/she has greater control
over what happens to them rather than
external factors. This individual is
more likely to explore broadly due t
greater confidence to produce results.

The measure of an individual's

O

DISPO D|sp05|_t|onal I|Kel|ness to try a new produ_ct, or 8 85
Innovativeness  [think tangentially when solving a
problem.
Personal
Innovativeness in . o
PIIT the Domain of The degree to which an individual has 4 97
) a preference for technology use.
Information
Technology

Tolerance for Ambiguity

Tolerance for Ambiguity (TOA) has been found to dssociated with uncertainty in tasks intended fdace
ambiguity with order (Vandenbosch and Huff, 199%d&I and Rosen, 1966; McCasky, 1976). The hypethese

illustrated in Figure 4, below and in written foas follows;
H1a: TOA is positively related to Recall.

H1b: TOA is negatively related to Precision
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TOA

Precision

Figure 4: TOA Effect upon Recall and Precision

Given that we know from previous studies that deaall precision are inversely related (Oard et 2010;
Grossman and Cormack, 2011), we believe in thiglysthat individuals seeking less ambiguity will fare greater
precision, whereas individuals willing to acceptrenoambiguity will prefer greater recall. The personre comfortable
with ambiguity is more likely to seek broader explion because he/she is not concerned with thiti@dal non-relevant
documents that may result. This is especially apple to Legal IR where lawyers often go on “fighiexpeditions” as
mentioned by Oard et al., 2010. The pre-task quasdire designed to measure this construct has ddggrted from the
Rydell-Rosen Scale (1966). The original form camdi 20 items which proved too unwieldy for our sakg. A
confirmatory factor analysis was used to reducentm@ber of items. The final form contains 8 itenmsl groduced a
Cronbach alpha of .80.

Locus of Control

Locus of Control (LOC) is a measure of the degeeavhich individuals believe they control their oviate
(Levenson, 1974). The LOC inventory developed byenson measures three factors: (1) Internal, thenexo which the
person believes he or she is in control; (2) Exkriine extent to which a person believes his orféie is controlled by

others; (3) Chance, the extent to which the pebstieves their fate is determined by chance events.

Prior MIS research has found that individuals webdve they control their own fate are more likedyengage in
scanning techniques for their IR (Vandenbosch anff, H997; Levenson, 1974). Prior analysis of thevénson three
factor scale has shown it to be more reliable gianilar scales measuring only two factors (Prestaal., 1997). For these
reasons the Levenson three factor scale has bempteddfor use in this study. The original form Hadl items. A

confirmatory factor analysis was used to reducentiraber of items to 5 with a Cronbach alpha of .85.

We believe that scanning should be expected toskeci@mted with broader search exploration and fibvere
would favorrecall over precision The rationale is that individuals who believeyttse in control of their performance
results, rather than chance or others being in roabrare more likely to conduct broader searcheadihg to greater
relevant documents returned. Broader searches sseciated with return of greater non-relevant demism We
therefore believe that individuals with a higheefprence on the LOC scale will explore with greatemfidence, search
broader, and produce higher recall, but lower gieni The hypotheses are illustrated in Figurenl, @resented in written
form as follows;

H2a:LOC is positively related to Recall

H2b: LOC is negatively related to Precision
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///',':/) Recall

LOC

Precision

Figure 5: LOC Effect upon Recall and Precision

Dispositional Innovativeness

Innovativeness can be described in several waymsdtbeen used in consumer research to prediadandual’s
predisposition to purchase new products (RoehgioB4; Steenkamp and Gielens, 2003). It has beenmrstm predict an
individual's willingness to try a new technologydérwal and Prasad, 1998). It has been used toimxgraindividual’'s
tendency to engage in thinking exercises such azl@uwolving and pondering (Pearson, 1970). Whemscrigng
“cognitive innovation” Pearson describes the coheep'‘thinking for its own sake” (Venkatraman anit®, 1990, citing
Pearson, 1970).

In this study we are interested in how an indivituaxploration attitudes and techniques can belagxgd
through known and validated measures. In this easbave settled on two scales for measuring inn@méss. The first
scale is designed to measure a user’s dispositianabvativeness. The second scale is designed &sune a user’s
personal innovativeness.

“Dispositional Innovativeness” (DISPO) has beenvaiao be significant in predicting consumers whe arore
likely to try a new product (Steenkamp and Giele2@)3). One of the hypotheses in this study is fraticipants
measuring higher on the scale of dispositional wativeness will produce a higher IR result. The mistered
guestionnaire contains eight (8) items measuredadnto 5 scored scale, ranging from completelygiesa = 1 to
completely agree = 5. Cronbach alpha for this itmgnis .85.

We believe that individuals with a higher leveldi$positional innovativeness are more likely to esab a new
system resulting in greater IR results. It is kéhat such individuals are broader thinking ane willing to randomly
jump around in their exploration due to their prefee for the new and novel. These types of indadisl are more
tangential in their thinking and approach problatvieg from unconventional points of view (Kirtoh976; Vandenbosch

and Huff, 1997). The hypotheses derived from thigppsition are depicted in Figure 6 and in writterm as follows:
H3a:DISPO is positively related to Recall.

H3b: DISPO is negatively related to Precision.
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/ Recall

Dispo

Precision

Figure 6: DISPO Effect upon Recall and Precision
Personal Innovativeness (PIIT)

“Personal innovativeness in the domain of inforaatiechnology” (PIIT) is associated with early atop and
individuals who are more comfortable with uncertaifAgarwal and Prasad, 1998 citing Rodgers, 1988)en that an IR
user specifically operates in the domain of undaiaa measure of a user’s PIIT may be helpfupiedicting the same
user’s exploration preferences and resulting IRgperance. The questionnaire contains 4 items aodyzmed a Cronbach
alpha of .97.

Agarwal and Prasad argue that individuals with &igRIIT levels are more likely to have positiveitaties
toward an innovative technology. These attitudasgiate to our experiment in terms of higher vaineBrecision We
believe that individuals with a preference towardchnology will be more surgical in their explorgtdrehavior and

produce higher precision.

Given the documented inverse relationship betweeallrand precision, we believe the higher perforcaain

Precisionwill result in a lower performance Recall The hypotheses are depicted in Figure 7 and ittewrform below:
H4a:PIIT is negatively related to Recall.

H4b: PIIT is positively related to Precision.

Recall

PIT

Precision

Figure 7: PIIT Effect upon Recall and Precision
Data Analysis

SAS 9.2 was the statistical package chosen to supgmoanalysis in this study. Collected data hesnbanalyzed
in several steps. The method of analysis in theecda a multiple linear regression. We are anafyzihether the
independent (explanatory) variables are signifieant whether interactive effects are present. Aalé-test was used to

evaluate the overall model and partial F-tests wieesl for testing interactive effects.
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The behavioral scales have been analyzed usingo@cbis alpha. Two of the behavioral scales wereeeely
long (TOA and LOC); the original version of TOA had items and the original version of LOC had 24nis. In order to
reduce these scales to a manageable number of fierparticipants, a factor analysis was conduéteceach scale. The
scales were reduced to 8 items and 5 items resphctConfirmatory Factor Analysis was used withrifeax rotation.

Cronbach alphas were calculated for the scalessmnlisted in Table 1.

The first step was to transfer the pen and papest@nnaires to a spreadsheet for input into SAges&
questionnaires covered the four scales of TOA, LO{SPO, and PIIT. These behavioral scales were &matyzed to
determine significance in a main effects and futldel. The models reflect the underlying theorigwresented by the
hypotheses being tested. The initial theory oftibbavioral scales is that individuals’ IR performarcan be predicted
from their scores on the behavioral scales. Therthis represented by the hypotheses in the prsvisection and reduced

to equations forming the behavioral models indiddtelow.
Main Effects Model: DVgecan DVprecision= BO + B1X1 + B2X2 + B3X3 + B4X4 + e

Full Model: DVrecas DVpreqson = BO + BIX1 + B2X2 + B3X3 + B4X4 + B5X1X2 + B6X1X3 + B7X1X4 +
B8X2X3 + BoX2X4 +

B10X3X4 + e
Where
X1 =TOA,
X2 =LOC,
X3 =DISPO,
X4 = PIIT,
Statistical Analysis of Models
A global F-test has been performed upon the belelvioodel for Recall and Precision.

A summary of results appears in Table 2 below. filkand alternative hypotheses are:

Recall Precision
HO:B1=B2=B3=B4=0 H):B1=B2=B3=B4=0
Ha: At least one Beta0 Ha: At least one Beta0

Where:

X1 = Tolerance for ambiguity (TOA),

X2 = Locus of control (LOC),

X3 = Dispositional innovativeness (DISPO),

X4 = Personal innovativeness (PIIT).
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Table 2: Summary of Behavioral Model Results

Independent Alpha Dependent Variable Beta Estimate
Variables Effected
TOA 01 Precision 005
LOC 01 Recall -013
DISPO 05 Precision 008
PIIT Not Significant

The global F-test for thRecallbehavioral model and thHerecisionbehavioral model are both significant at alpha

.01. However, the behavioral models differ in whidriables were found to be significant feecalland which were
found to be significant foPrecision

. LOC was significant foRecallat alpha .01.

. TOA was significant foPrecisionat alpha .01.

. DISPO was significant faPrecisionat alpha .05.

. PIIT was not supported fé&kecallor Precision

The printouts for these results appear in Tabled3Taable 4.

Table 3: SAS 9.2 Printout for Recall Variables

The REG Procedure
Model: MODELI
Dependent Variable: RECALL
Number of Observations Read 120 Number of Observations Used 120

Analysis of Variance

Sum of Mean
Source DF Squares  Square F Value Pr=F
Model 4 1.16472 0.29118 147.12 <0001
Error 55 0.10885 0.00198
Corrected Total 59 1.27357
Root MSE 0.04449 R-Square 0.9145
Dependent Mean (.50733 Adj R-5q 0.9083
Coeft Var 8.76897

Parameter Estimates

Parameter  Standard
Variable Label DF  Estimate Error tValue Pr>|t
Intercept Intercept | 0.52230 0.04589 11.38  <.0001
LOC LOC 1 -0.01291 0.00194 -6.64 <.0001
1

TOA TOA 0.00043654  0.0014% 029 0.7702
DISPO  DISPO 1 -0.00091858  0.00293  -0.31 0.7547
PIT PIIT 1 0.00320 0.00124 259  0.0124
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Table 4: SAS 9.2 Printout for Precision Variables

The REG Procedure
Model: MODELI
Dependent Variable: PRECISION
Number of Observations Read 120 Number of Observations Used 120

Analysis of Variance

Sum of Mean
Source DF  Squares  Square FValue Pr>F
Model 4 060044 005011 138.06 <0001
Error 55 005980 0.00109

Corrected Total 59 0.66024

Root MSE 0.03297 R-Square  0.9094
Dependent Mean  0.61600 AdjR-5q 0.9028
Coeff Var 5.35284

Parameter Estimates

Parameter  Standard

Variable Label DF  Estimate Error tValue Pr>|t
Intercept Intercept | 0.22744 0.03401 6.69 <0001
LOC LOC 1 000012454 0.00144 0,09 09312
TOA TOA [ 0.00542 0.00110 491 <0001
DISFO  DISPO 1 0.00833 0.00217 384 0.0003
PIIT PIIT [ 0.00003059 000091712 003 09735

Interactive Effects Analyzed

The behavioral variables have been analyzed ferantive effects. Interaction between the independariables
was not found to be supported in the individualabses but was supported at alpha .01 in the pdrtigdst. This
conflicting result suggests there may be multi- lisearity among two or more of the variables. Ta@@amt for this
possibility we have tested whether any of the lyselate.

The Pearson Coefficient results indicate that DIS#@ TOA are highly correlated. We plan to studyg #ffect
in future experiments to determine if one of theialdes should be removed from the equation fosipayny. We also
found that LOC and PIIT are highly negatively ctated. PIIT was not found to be significant as amedfect; however,
this relationship suggests that we need to be wadeadwing conclusions about the 1Vs’ effects on c8leand Precision
and we will need to further investigate this effettour future work with larger populations. The $M.2 results for
interactive effects and multi-collinearity have be@roduced in Table 5, Table 6 and Table 7.
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Table 5: SAS 9.2 Printout for Recall Variables

The REG Procedure
Maodel: MODEL]
Dependent Vanable: RECALL RECALL

Number of Observations Read 120 Number of Observations Used 120

Analysis of Variance
Sum of Mean

Source DF  Squares Square  F Value Pr=F
Model 9 12149 013500 115016 <0001
Error 500 0.05861  0.00117
Corrected Total 59 1.27357
Root MSE 0.03424 R-Square  0.9540
Dependent Mean ~ 0.50733 AdjR-8q 0.9457
Coeff Var 6. 74866

Parameter Estimates

Parameter  Standard
Virable  Label  DF  Estimate Error [ Value  Pre=|i|
Intercept  Intercept | 038595 013234 202 00053
LOC LocC 1 001269 001158 110 0.2782

TOA TOA | 000620 0.00397 .56 0.1244
DIsPO DISPO 1 00244 000566 043 (.6687
FIIT FIT 1 0.00908  0.00787 1LI5  0.254]

PIIT-TOA 1 000039540 0.00022606 -1.75  0.0864
PIT-DISPO I 000025541 000048162 053 05982
LOC-DISPO 1 000008662 000073713 012 0.9069
LOC-TOA I 000068173 000035511 -190  0.0634
DISPO-TOA [ -0.00002182 000011459 019 (.8498

Maodel: MODEL]
Test 1 Results for Dependent Variable RECALL

Mean
Source DF  Square  FValue Pr=F
Numerator 5 0.01005 8.57 <0001
Denominator 50 0.00117
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Table 6: SAS 9.2 Printout for Precision Variables

The REG Procedure
Model: MODELI
Dependent Variable: PRECTSIO PRECTSION

Mumber of Observations Read 120
Mumber of Observations Used | 20

Analysis of Variance

Sum of Mean
Source DF Squares Sguare  F Value Pr>=F
Model £ L61ETR GLO6ETS  B291 <0001
Error 50 0.04146 000082926
Corrected Total 59 0.66024
Root MSE (LOZ8R0 R-Square 09372
Dependent Mean (LG 1600 Adj R-8q 09259
Coeff Var 467482

Farameter Estimates

Parameter Standard

Wariable Label DF Estimate Error tValue Pr=J
Intercept  Intercept 1 038182 0.11131 343 0.0012
LOC LOC | -0,01392 0.00974 -1.43  0,1589
TOA TOA 1 022 000334 068 05006
DISPO DISPO I 0.00607 0L T6 1.28 0.2082
PIIT PIIT I 0000634533 000662 (.10 {0,924
PIIT-TOA | 000014418  O,0001 9014 0.76 04518
PIIT-IMSP() I -0.00018739 000040505 046 06457
LOC-DISPCY | 0000062200 0061998 010 09205
LOC-TOA | (00033756 0L00030204 112 02691
DISPO-TOA 1 00001709 (0L000MG3E 1.77 00822

The REG Procedure
Model: MODEL1L
Test 1 Results for Dependent Yariable PRECISIO

Mean
Source [F Square FValue Pr=F
Mumerator 5 00367 4,42 0.0021
Denominator 500 000082926

Table 7: SAS 9.2 printout of Multi-Collinearity Analysis

Pearson Correlation Coefficients, N = 60
Prob = [r| under H; Rho=0

PIIT LOC TOA DISPO
PIIT 100000 -G 89706 -0.00623  -0.1284]
PIIT <0001 0.9623 03282
LOC SESTO6 DOy -0.22654 0 007217
LOC <0001 N0R18 (L3837
TOA 00623 -0.22654 100000 091550
TOA 0.9623 (LORIR A LLI|

DISPY 00012841 007217 0091590 100000
ISP 0.3282 (L5837 < (M1
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Summary of Findings

In terms of behavioral factors impactiRgecision TOA reports a beta value of .005. The TOA inventgsed in
this study is scored based upon a person’s ¢didklerance — the higher someone scores, thetddmsnt they are. This
suggests that for every 1 point increase in anviddal's TOA scorePrecisionwill increase by .005 units. This intuitively
makes sense, given that people less tolerant ofgantypare going to focus their search narrowhsuléng in less non-
relevant documents being returned. However, TOA massignificant inRecall DISPO was significant irecisionat
alpha .05. The associated beta of .002 suggestéothavery 1 point increase in DISPO score anviiadial will produce

.002 more units oPrecision

In terms ofRecall the only significant behavioral variable was LGHE alpha .01. The associated beta of -0.01
suggests that for every 1-point increase in LOGQescan individual will produce .01 less unitsRécall A lower LOC
score indicates the individual believes he/she rotmtheir fate rather than external factors. Tfeeee a higher LOC

should lead to less recall and a lower LOC shoeddl lto greater recall.

The results produced are consistent with our oaighypothesis that people with greater internal L®IC be
inclined to search broader and therefore produghehirecall. One example of perceived control asdkifect upon IR

came up during our post-task interviews.

Subject PG1 indicated that he was; “less conceabedit missing documents.” Whereas subject MG2 atdit

that; “l feel | may miss ‘the smoking gun.
A list of the hypotheses with their measured vdeialand associated betas is listed in Table 8 below

Table 8: List of Hypotheses Supported and Not

Hypothesis Supported/Not Variable Alpha Relationship to Recall/Precision
Hla Not TOA
Hlb Supported TOA .01  |Precision: Direct and Pos
H2a Supported LOC .01  |Recall: Direct and Pos
H2b Not LOC
H3a Not DISPO
H3b Supported DISPO .05 |Precision: Direct and Pos
H4a Not PIT
H4b Not PIT

*Interactive effect upon Precision suppted
LIMITATIONS

This study like all studies has limitations thahdse improved upon in future extensions. The firsitation lies
in the finding that several variables were foundéd be significant. One possible reason for thithat our sample size
(N=120), might not have been large enough to detessult. We plan to address this in future exterssby testing
against alternative IR tasks, and possibly switghime task to a Medical IR project to explore tleenmonalities and

differences in user behavioral effects between Lagd Medical IR projects.
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A more critical limitation in this study might bbe use of law students as an approximation fot [agdessionals
such as lawyers and paralegals. In this case, gheofilaw students was helpful to us because taglythe requisite
understanding of legal terminology and strategiefitigation, but they were not biased in their rebing behaviors by
years of legal experience that may impact the HR.t&/e plan to conduct future studies with pardkegad lawyers to
determine if legal experience matters in this fafiR. This might also impact our ability to genkeza these findings to
other IR projects, especially if Legal IR tasks &end to have behaviors that are peculiar to LéBahlone. This is

something we also will consider to pursue in owtmxtension on this topic.
CONTRIBUTION

The study reported in this paper makes severalfigignt contributions to theory. The main contrilout is the

investigation into how behavioral preferences cadrrelated to a user’s performance in multi-uReprojects.

There is clearly a relationship between user behsvand IR performance. The significance and madaitwill

remain to be seen in extension work and future éxeats.

As a result of our investigation into the use ofidéoral scales for IR projects, we have discoverahe new
relationships. The model validated here suggesisthiese relationships can be of significant ushéostakeholders in IR
projects. By aligning the behavioral scales of riéndewer to the strategic goals of the IR projswnificant performance
differences may be produced, which can translatetime and cost savings, as well as better prooluét Recall and
Precision.

CONCLUSIONS

In this paper we set out to tell the story of aesenf experiments designed to explore if thera sgnificant
relationship between user behaviors and IR perfocmaneasures, and if so, how can we create a ntodapply
behavioral scales to IR projects.

The results produced by this study help explainctvHiehavioral preferences have significant impacti®
performance and which are not yet supported byeenmid. The measured variables used in this stugy édwlain user

actions and strategies and their significance URgoroduction.

The contribution of this study lies in the validati of the behavioral IR model, and its insightsoiftow
differences in behavioral variabléscus of contrgltolerance for ambiguityanddispositional innovativenegsn have an

impact on the user’s IR result when evaluatedRecallandPrecision
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APPENDIX

Pre-Task Questionnaire for User Understanding of Rguest

Pre-Task Strategy Questionnaire

Summarize in one or two sentences what the reigisseking?
What concepts do you believe define the documéatssatisfy the request?

What order of steps will you use to formulate atstgy to find and identify the documents to matehrequest?

First I will... Next [ will...

Narrative Questions

Post-Task Questionnaire

When | conduct an information search, the typenfifrimation | expect to find is?
If | had to choose between being efficient or behlmyough, | would choose.

When | conduct an information search, the formaxpect the information to be found is in: Web pageb
Site, PDF, Email, Other?

When | find an information item, | evaluate it tetdrmine if it meets my need by?

When conducting a specific search for documentsseaych method differs from a search for web pagesb

sites because?
When | select a document for review | focus on.

| search for documents contained within a collectidd documents to meet my information need by ddirey

following:
| use the following criteria to evaluate whethatcwument meets my information need:
When | search for documents within a collectiomlo€uments, | define/determine what | am lookingkfg?

When viewing a document in a collection, the itdrficus upon within that document that help me detee if

that document meets my requirements (informati@dhare?
Scaled Agree/Disagree Questions (-3 to +3)
When | search for information, | am most concerwét being efficient.

When | search for information, my first/primary etl of sorting between documents that meet my aged

documents that do not meet my need is to scarittbe ¢f documents.

When | search for information, my ONLY method ofrtstg between documents that meet my need and

documents that do not meet my need is to scaritlibe ¢f documents.

When | select a document | almost always reviewetitée document.
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When | search for information, | prefer to skim i@ureview of a portion of the contents) the docateevhose

tittes seem to meet my information need.
My only method of sorting is to scan titles.
When | search for information, | am most concerwéti being thorough.

When | search for information, | prefer to scrumi(review entire content) the documents whosestigeem to

meet my information need.
My first/immediate method of sorting is to scatest
| use titles to base my selection of documents.

When | select a document for further review | nareted to go beyond the first paragraph beforeditegithat it

does or does not meet my need.

When | select a document | rarely review the erdoeument.
Scaled Agree/Disagree Questions (-3 to +3) Whesaich for documents:

I limit the depth of my exploration to scanningtibies of documents alone.

| scan titles and then skim selected documentsdb@asé¢he content of the titles.

| select documents based on titles, but | alsooary select documents for a broad exploration efdbllection.
When | select a document:

| prefer to limit my review to the first paragraphthe document.

| prefer to skim the entire document to get a galnenderstanding of the content.

| prefer to scrutinize the entire document to geiradepth understanding of the content.

IR Task and Participant Instructions

Task adapted from TREC 2011 Legal Track Topic 401

The purpose of this task is to retrieve documemas match the below request for production. The gamy in

this case is Enron. The company is a now defuretggrntrading company that was the subject of aeldapy of litigation

both civil and criminal.

The Following is the Request for Production

You are requested to produce all documents or coniwations that describe, discuss, refer to, reporor relate

to the design, development, operation, or markesingnrononline, or any other online service oftenerovided, or used

by the Company (or any of its subsidiaries, pregemes, or successors-in-interest), for the purchsale, trading, or

exchange of financial or other instruments or potsiuincluding but not limited to, derivative ingtnents, commaodities,

futures, and swaps.
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Additional Guidance for Relevance

The above request broadly seeks documents congeBriron online, the Company’s general purpose ricadi

system, or any other online financial or commodiervices offered, provided, or used by the Compad its agents.
In this case attorney-client communication or otfige privileged information is not anissue.

This request is seeking information specificallyoab an online system for tradingfinancial instrumsenA
document is not relevant if it refers to the pusshasale, trading, or exchange of a financial imsént or product, but

does not involve the use of an online system.

A document is relevant if it describes, discussefers to, reports on, or relates to: the desigvelbpment,
operation, or marketing of “enrononline,” or anj@t online services offered, provided or used. Tittudes, how the
system was set up, how the system worked on adddgyt basis, how the Company developed or modtfiedsystem,
how the Company marketed or advertised the systachthe actual use of the system by the Companysiitbsidiaries,

predecessors, or successors in interest.

A relevant document can be for the purchase, $adding, or exchange of: financial instrumentsafiaial
products, including, derivative instruments, comitied, futures, or swaps. These instruments andlymts are
distinguished from other goods and services by thet that their value depends on future eventstheil purchase incurs
financial risk.

A document is relevant even if it makes only implieference to these parameters. No particulassetion (i.e.,
purchase or sale) need be cited specifically.dfdbcument generally references such activitiagstctions, or a system

whose function is to execute such transactionsjtasttierwise meets the criteria, it is relevant.

Examples of responsive documents include: Corredgmee, Policy statements, Press releases, Coistisctdr

Enronline guest access emails.
Additional Guidance for Non-Relevance

Examples of non-relevant documents include: Puhsale, trading or exchange of products or sesvitber
than financial instruments or products, or any doents referring to employee stock options or stpgkchase plans
offered as incentives or compensation, or the és@tbereof. Also documents relating to structdiiegince deals or swaps
that are specified explicitly by written contraotsien if the contracts themselves are electroniel@stronically signed
are not relevant. Also documents related to theofisaline systems by Enron employees for theispeal use are outside

this request and are not relevant.
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