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Thesis Abstract

Searching for information when using a computerised retrieval system is a complex and in-
herently interactive process. Individuals during a search session may issue multiple queries,
and examine a varying number of result summaries and documents per query. Searchers
must also decide when to stop assessing content for relevance — or decide when to stop their
search session altogether. Despite being such a fundamental activity, only a limited num-
ber of studies have explored stopping behaviours in detail, with a majority reporting that
searchers stop because they decide that what they have found feels “good enough”. Notwith-
standing the limited exploration of stopping during search, the phenomenon is central to
the study of Information Retrieval, playing a role in the models and measures that we em-
ploy. However, the current de facto assumption considers that searchers will examine k

documents — examining up to a fixed depth.

In this thesis, we examine searcher stopping behaviours under a number of different search
contexts. We conduct and report on two user studies, examining how result summary
lengths and a variation of search tasks and goals affect such behaviours. Interaction data
from these studies are then used to ground extensive simulations of interaction, exploring
a number of different stopping heuristics (operationalised as twelve stopping strategies). We
consider how well the proposed strategies perform and match up with real-world stop-
ping behaviours. As part of our contribution, we also propose the Complex Searcher Model, a
high-level conceptual searcher model that encodes stopping behaviours at different points
throughout the search process. Within the Complex Searcher Model, we also propose a new
results page stopping decision point. From this new stopping decision point, searchers can

obtain an impression of the page before deciding to enter or abandon it.



Results presented and discussed demonstrate that searchers employ a range of different
stopping strategies, with no strategy standing out in terms of performance and approxima-
tions offered. Stopping behaviours are clearly not fixed, but are rather adaptive in nature.
This complex picture reinforces the idea that modelling stopping behaviour is difficult.
However, simplistic stopping strategies do offer good performance and approximations,
such as the frustration-based stopping strategy. This strategy considers a searcher’s toler-
ance to non-relevance. We also find that combination strategies — such as those combining a
searcher’s satisfaction with finding relevant material, and their frustration towards observ-
ing non-relevant material — also consistently offer good approximations and performance.
In addition, we also demonstrate that the inclusion of the additional stopping decision point
within the Complex Searcher Model provides significant improvements to performance
over our baseline implementation. It also offers improvements to the approximations of

real-world searcher stopping behaviours.

This work motivates a revision of how we currently model the search process and demon-
strates that different stopping heuristics need to be considered within the models and mea-
sures that we use in Information Retrieval. Measures should be reformed according to the
stopping behaviours of searchers. A number of potential avenues for future exploration
can also be considered, such as modelling the stopping behaviours of searchers individu-
ally (rather than as a population), and to explore and consider a wider variety of different
stopping heuristics under different search contexts. Despite the inherently difficult task
that understanding and modelling the stopping behaviours of searchers represents, poten-
tial benefits of further exploration in this area will undoubtedly aid the searchers of future

retrieval systems — with further work bringing about improved interfaces and experiences.
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Presentational Conventions

A number of different presentational conventions have been employed in this thesis for a
consistent (and different) look, and to maximise understandability. This section outlines

the conventions that have been used.

Spelling

= Spelling is to the Oxford English Dictionary (British English). The version that was re-
ferred to is searchable online at https://en.oxforddictionaries.com/. We pre-

ferastoaz!

Fonts and Emphasis

» Italicised text is used to define a term and/or concept, but not thereafter. This applies
to acronyms, where the full expansion is presented initially; associated abbreviations
are used thereafter. Full expansions of an acronym may be reused if required (i.e. in

later chapters).

= The main body of this thesis is typeset in 12-point Palatino (body) with 1% line spac-
ing. Headers, figures and tables (along with their associated captions) use Foundry
Sterling. The names of tools used and other minor components of this thesis (e.g. ta-
ble groupings) are also represented using Foundry Sterling. For example, the fictional

retrieval system Search is used to demonstrate various concepts.l

! Any resemblance of Se=rch to real-world retrieval systems is unintentional and purely coincidental.
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. is provided in the form of B{ELLIRIPER, such as a section header. These

boxes also appear inline to emphasise the introduction of an important concept or

term that is key to the thesis.

- and @O ENIN are also highlighted inline.

— Important terms and descriptors to this thesis are fullelills[1:8 when first intro-
duced.

— We refer to a number of different stopping strategies throughout this thesis, each

with their own name and at least one variable. These strategies are presented

using the notation J\EI-NEEAVELTI-N.

— Cell gallelplilslpitlglel is used throughout tables presented within this thesis to repre-
sent values of interest — whether they simply are the best reported, or to highlight
statistically significant differences. Refer to the caption of a given table for the

specific meaning of what cell highlighting denotes.

— Emphasis is also used to denote w used in figures presented throughout
this thesis. For example, these labels are used to name individual components

illustrated within a figure.

= [URLS are used to provide references for claims and to refer readers to external re-
sources. As these resources may become unavailable over time, the date of Last Access

follows each [URL] -e.g. http://www.dmax.org.uk LA 20718-06-07 B

Presenting Concepts and Results

= Pseudo-code that is presented within this thesis uses the HAGGIS high-level refer-
ence programming language (Cutts et al), 2014), as used by the Scottish Qualifications

Authority (SQA) for computing science exams.

2If a [ORD becomes inaccessible, the Wayback Machine (https://archive.org/web/) may provide an
archived copy of the page being referenced.
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= Plots use a consistent colour scheme across chapters to maximise understandability
and comparability. Colours employed are based upon colour schemes as demon-

strated to be effective in the online tool outlined by Harrower and Brewer (2003).

» Results are presented to three significant figures. Some representations require a

greater degree of accuracy, in which case an appropriate representation will be used.

» In addition to the points described above, flowcharts are also used extensively in this
thesis to demonstrate the conceptual models that we outline. A standard design for
flowcharts is used. It follows the design guidelines provided in ISO 5807: 19858,
Other models presented in the literature also employ such an approach (e.g. Thomas

et al) (2014)). The following example demonstrates the symbols used.

. Decision Decision
‘—> Action | Point ‘ Point

The sequence of events begins at the ® and ends at the ® Diagram flow can be
deduced by examining the direction of the arrows. Actions (or events) are denoted
by the text contained within unfilled rectangles [, with decision points represented
as ®. The different outcomes of decisions are denoted by the italicised text at each

output point of a ®.

VNI RITHIEH N [llustrations are used extensively to make the process of reading this

thesis a little more enjoyable, as well as (hopefully) providing the reader with a better under-

standing of points and concepts being conveyed. The author of this thesis drew a majority

of the illustrations in Adobe ® Illustrator ® CS6.

However, anumber of free vector artworks have also been downloaded from freepik.com

and incorporated within illustrations in this thesis. This statement serves as an acknowl-

3IS0 5807:1985 defines symbols to be used in information processing documentation and gives guidance

on conventions for their use in data flowcharts, program flowcharts, system flowcharts, program network
charts, system resources charts.

“Note that these symbols are not part of the ISO 5807 : 1985 standard; they are part of the Unified Modelling

Language (UML) specification and have been included to ensure diagrams are simple to understand.
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edgement that such artworks have been incorporated within this thesis, and are included

on the assumption that no part of this work will be used for commercial purposes.

Secondly, the IKEA assembly man has been included at the start of Part [] to convey the
idea of assembling the searcher model proposed in this thesis. Permission has been sought
and granted from Inter IKEA Holding S.A. to incorporate the IKEA assembly man within
this work. Thank you, IKEA!

Finally, Picture [I] in the PhD Journey shows several of my friends from the School of Com-
puting Science at the University of Glasgow. I sought permission from everyone sitting at

the table before including the image in my thesis. Thanks, team!

[pLeTeli] ) [=Tah @]y ToT1 E AT BT R [y [ BT [T BV O B This thesis is typeset using XgIEX, version

3.14159265-2.6-0.99999. A custom TgX class (. cls) has been developed and used for
typesetting. The layout meets University of Glasgow PhD thesis regulations; core require-

ments of margins, font sizes and line spacing are fully complied with.
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Apparatus Used

The user studies reported in this thesis made use of the TREConomics framework. The two

user studies were crowdsourced in nature, and as such were run over the [Amazon Mechanical

platform.

For the extensive simulations of interaction, three computers hosted by the School of Com-
puting Science at the University of Glasgow were used. Basic hardware and software spec-

ifications are listed below. FQDN{ are obscured to avoid potential security issues.

» *kkk k%% gla.ac.uk
2X Intel® Xeon® CPU E5-2660, 32 logical cores
128GB RAM
Scientific Linux 6.10 (Carbon), 2.6.32-696.1.1.el16.x86_64

» kkEkXRK xxk gla.ac.uk
2% Intel® Xeon® CPU E5-2660, 32 logical cores
128GB RAM
Scientific Linux 6.10 (Carbon), 2.6.32-573.12.1.e16.x86_64

n Kkkxkk xkk . gla.ac.uk
8x AMD Opteron™ processors 6366 HE, 64 logical cores
512GB RAM
Fedora 18 (Spherical Cow), 3.11.10-100.fc18.x86_64
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All three computers ran experiments with Python 2.7.14, Whoosh 2.7.4 and the SimlIR frame-
work. All stochastic simulation components were seeded, ensuring reproducible results.
Results from seeded random number generation were checked across all three computers

—identical results were obtained.

Thanks go to Douglas Macfarlane, Stewart MacNeill and the rest of the support team at
the School of Computing Science for ensuring these computers (and the DCS network) were

available for all of the experimental work that was undertaken over the years.
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Where have | been? What have | done?
But most importantly... | want to say thanks!

2012

A good friend of mine (and a fellow PhD student) once said to me that when the time came
to write his PhD thesis, he would avoid an acknowledgements section where everyone and
their dog would be thanked for helping him reach his target of attaining a PhD. I, on the other
hand, hold a very different opinion on this matter. There are a lot of people, who have in one
way or another, helped me reach where I am today. Whether these people actively guided
me in my studies, or were individuals who I was fortunate to become acquainted with over

the past five years, they all “cajoled”ll me in one way or another towards the finishing line.

I firmly believe that everybody who I have the pleasure of meeting and working with over
the past five years should be acknowledged — whether they feel they contributed in any
meaningful way. If you are one of these people and are left wondering, believe me: you
did make a difference. While acknowledgements may not merit enough gratitude to those
who have helped me along the way, I still wish to thank all of you. To show my sincere
appreciation, I want to dedicate this work to each and every one of them — regardless of

whether they have a dog or not.

Hindsight tells me that doing a PhD is much like embarking on a very long, solo journey.
Unless you have experienced it yourself, you won’t appreciate how tough (and lonely) it
can be at times — especially when things don’t go according to plan. Three years in, I found

myself sitting in my lab all alone on a Friday night, wondering why my experiments weren’t

IProfessor Ian Ruthven used this term in his PhD thesis (Ruthven, 200T) as a means of describing the
individuals who were there for him, behind the scenes, “cajoling” him towards the finishing line.
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producing the results I had expected and hoped for.2 It can at times all seem so incredibly
pointless, and you find yourself questioning what you're doing with your life. I experi-
enced these lows more times than I care to admit. It can be tortuous. Impostor syndrome is

something every PhD student feels, and I was no exception.

However, I got to the finishing line. Doing a PhD isn’t just about learning your field of study
and making an original contribution to it; no, it's much more than that. It also involves
learning about yourself. It's character building. It involves steely grit and determination
to get through the difficult times. Even when everything comes crashing down around
you, you will get through it. My PhD taught me this more than anything, and for that I am
incredibly thankful. I'm definitely a different person for having done it — a much better
one (I think so, anyway!), equipped with a good skillset to enter the world and make a
positive contribution. Even though every PhD comes complete with negative moments, I
took positives from all of them. From this, I could enjoy the good times even more. And

believe me, there were heaps of good times during the past five years.

One of the many great things about my experience as a PhD student was the office I was
given to work in. It's in the Sir Alwyn Williams Building (SAWB), room 221. Being a contem-
porary building, there are lots of windows —and you get a really nice view of the grass next
to Lilybank Gardens, looking down to Brel, and, yeah, the Boyd Orr Building, too. However,
in moments of reflection, I always found myself staring vacantly out the window at people
walking past outside, going about their lives. Everyone’s experiences — from all walks of
life —are different, making for a virtually limitless number of stories to listen to, and to learn

from. I have always found this truth about life to be absolutely fascinating.

So, on that basis, I want to spend the next few pages writing about my PhD journey, ac-
knowledging everyone who made a positive impact along the way. I think that investing
the additional time in writing this short passage is a good reflective experience, and also

goes a little to say thanks for the amazing things these people have done for me.

I hope you enjoy reading it as much as I enjoyed writing it.

2t was a stupid mistake, of course. From memory, I think I forgot to increment a counter in a loop. But it
took an entire evening to figure that out. Of course it did!

3This is something most people will agree with. My friend James gave a nod to this in the acknowledge-
ments of his excellent PhD thesis, too (McMinn|, 20T8).
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DEVAOL [ R KO E:EL @ Day one was October 1%, 2013. I remember this day well.

In particular, I have vivid memories of sitting down at my new desk in the morning and
thinking something along the lines of “what have I just let myself in for?!”. The very idea that
I was now a PhD student in itself felt really daunting because from reading research papers
in my MSci year, I was humbled by how much knowledge there was out there —and I had
to get myself to a level to contribute to that knowledge. After being assigned my first task

by my supervisor, Leif, I set to work — but it did seem very overwhelming.

However, I chipped away at it. As one task was completed, the next one fell into place —and
I found I could do that, too (with some guidance, of course!). I started to produce things,
got a paper accepted after six months, and presented it at a conference (as I'll talk about
shortly). But as I worked away, I started to find another area of research to be much more
interesting. The work presented in the thesis you are reading is actually pretty different
from what I thought about doing back on day one. It just goes to show how when you

think you have something laid out before you, it’s by no means certain that it'll happen.

One constant that was present throughout my time as a PhD student at
Glasgow was the people. There were always individuals I could rely on for support, advice,
or a simple chat. We’d often find ourselves down at Brel when the sunshine was out (which
did happen sometimes). These are the people that I'd like to acknowledge first — and what

better than to start with those who I shared an office with over the past five years?

To Stuart Mackie, s, slall es),4 1) «ob6 (Fatma Elsafoury), my tocayo Jorge David
Gonzélez Paule and EM& (Xi Wang) — thank you for your companionship throughout the
years in SAWB221. The camaraderie and support we gave one another did not go unno-
ticed, and I am grateful for that. Fatma, thank you for the support and interesting philo-
sophical discussions that we had. There are also two other individuals with whom I also
shared SAWB221 with — and also a home (for four years!). To Horatiu Bota, thank you for
the friendship that we had over the years throughout our time as PhD students. To 250Ug
11us5515nY1 (Jarana Manotumruksa), thank you for your friendship throughout. It's been

an absolute pleasure, and it didn’t feel like being in an office — you all made it a happy place.

4User modelling and simulation — the scope of this thesis.
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I'd also like to say thank you to my friends Colin McLellan and Andrew (James) McMinn.
All three of us started at the University of Glasgow back in September 2008 as undergraduates
in Computing Science. Colin was in my very first C51Q undergraduate lab! By early 2019,
all three of us had passed our PhD defences at the same institution, although the routes
we took to get to that point were slightly different. We got through it together! To Colin in
particular, thank you for the support and friendship — especially when we were both writing
up at the end. Having the same supervisor kept us in close contact with one another — but

I don’t think either of us has a bad word to say about Leif!

ICEIREE With all of us working on some aspect of IR, there’s also more people within
the wider IR group that I would like to acknowledge. My appreciation goes out to ev-
eryone who resided next door in SAWB220 over the years, including .4 ol o1, (Rami
Alkhawaldeh), . sae 3.5 (Shawki Al-Dubaee), ctsadl a1 5,4 (Nujud Aloshban), Phil
McParlane, Jestis Alberto Rodriguez Pérez (and his brother, Félix Rodriguez Pérez), Stew-
art Whiting, ¥ (Xin Xin) and Z78J& (Fajie Yuan). To Stewart in particular, thank you for
your support throughout your time as a PhD student — your guidance was greatly appreci-

ated and valued when I started out. You made things seem a little less daunting.

I'd also like to acknowledge those in the rest of the IR group at Glasgow. In particular, I
would like to acknowledge Dr Jeff Dalton, Professor Joemon Jose, Dr Craig Macdonald, Dr
Richard McCreadie, Graham Mcdonald, 5% (Anjie Fang) and 75 (Ting Su) for their
friendship and support throughout the years. Professor ladh Ounis in particular was a
source of great support. Together with Leif and Craig, Iadh taught me many of the basics
of IR in my MSci year, for which I am very grateful. Iadh was also one of the examiners for

my final PhD defence — and I'll talk about that experience later.

I'd also like to pay particular thanks to s#&ie ;Lak (Yashar Moshfeghi) for his friendship and
support throughout my time at Glasgow. When you were a PhD student at Glasgow, you
were my tutor for the undergraduate Java Programming 2 course. From the lectures, you
helped me to understand and reinforce many of the programming constructs that I use
today! Yashar, your expert knowledge and advice on how to run crowdsourced studies
was also appreciated. You played an important role in helping me to get the user studies

that I define and report on in this thesis up and running. Thank you.
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(€] E Lo [R@T ToIT L T L) LB Of course, I didn’t just exclusively interact and socialise with

people who studied IR. One of the great things about the School of Computing Science at the
University of Glasgow is its size and the huge range of different disciplines that are studied.
I have made friends with many people along the way, and also learnt things from different

research areas, too. It’s always interesting to see what other people are working on.

I made some close friends. To Gozel Shakeri, you are the best. I cannot thank you enough
for your friendship, support and encouragement that you've given me throughout my time
as a PhD student. The support and words of advice through the difficult times — especially
when my world came crashing down in mid-2018 — will not be forgotten. Even if I was able
to even begin offering you the advice and comfort that you did for me, I will have been a
good friend to you, too. And to Frances Cooper, thanks for your friendship and company,

especially when you had a brief stay in SAWB221 during my final writeup phase!

In addition to Gozel and Frances, there are heaps
of other people at Glasgow that I want to ac- =
knowledge. To name a few... Blair Archibald,
Dr Ornela Dardha, Haraapbs Yeunna (Dr Natalia & ’,
Chechina), Marco Cook, Richard Cziva, Euan
Freeman, Simon Jouet, @wtewvr) Katoagov

(Foteini Katsarou), William Kavanagh, An- '
The good old days, back in Au-
toine Loriette, Ciaran McCreesh, Stephen Mc-

gust 2016. Slainte, everyone!
Quistin, Magnus Morton, Azekc ITanuesa (Alex

Pancheva), Craig Reilly, Stefan Raue, Dr Giorgio Roffo, Charlie Rutherford, Kyle Simpson,
Robbie Simpson, Dr Michel Steuwer, Lovisa Sundin, Patrizia Di Campli San Vito, Tom Wal-
lis, Dr David White and Muxamna fIues (Mihail Yanev) — you all over the years provided a
friendly face and support. My appreciation goes out to every single one of you. Even if we

simply had a chat and/or a drink, your company meant (and still means!) a lot.

I would also like to thank Professor Roderick Murray-Smith. Thank you for your support
when Leif left Glasgow in mid-2016 to the University of Strathclyde. Your insightful advice
and feedback gave me an alternative perspective from which I viewed my work. I was able

to incorporate some of your points into the final product, making it a stronger thesis.

XXVii



And to those friends from outside the School, I want to acknowledge your support and
continued friendship. In particular, I'd like to acknowledge Julie Briand, Gary Christie,
Adéla Holubova, Nick Swan and Shaun Rew. Julie, thanks for your company throughout
the process — we both achieved our goals and got our PhDs! “Choose your future. Choose life.”
I'd also like to mention Sean McKeown — thank you Sean for your friendship throughout

the whole experience. I value your advice and feedback, and I hope I have been able to

repay that over the years. You have done Edinburgh Napier proud.

LTy [ ST WG] | T Al [ BTl | always said to my friends that when my PhD work

was getting tough, I could find some solace in teaching. Throughout my time as a student in
the School of Computing Science, I've been incredibly fortunate to take on such important
roles — and from those roles, meet and work with some fantastic people. Back when I was a
fourth year undergraduate, Professor Quintin Cutts introduced me to the world of teaching.
From that moment, I never looked back. Tutoring and demonstrating were some of the
best things I did at Glasgow. Sitting down and helping someone understand a solution to

a problem that they have been facing in their work was such an enjoyable experience.

I tutored labs for a total of nine years — and loved every minute of doing so. While I tutored
basics such as CS1P and JP2 (Python and Java programming), my main focus was undoubt-
edly web development. As I'll talk about later, I wrote a book with Leif called Tango with
Django to make learning the Django web application framework a more straightforward ex-
perience. I'd like to thank Professor David Manlove and Dr Gerardo Aragén-Camarasa for
providing me with the opportunity to continue working on web development with them
in my capacity as a tutor. I thoroughly enjoyed working with you both. And to my friend
and fellow PhD student Laura Voinea, thank you for your company during the WAD2 and

ITECH labs over the years. Working with you was an absolute pleasure.

Of course, there’s also the administrative team within the School that kept things flowing
smoothly. These were the individuals who supported me when I needed it, too —and I want
to acknowledge them here. To Lydia Marshall, Helen McNee and Avaotacio ®Atdtovoa
(Anastasia Fliatoura), thank you for making everything as straightforward as it could have
been, at least from an administrative point of view! In particular, I want to thank Anastasia

for her help in sorting out the thesis submission dates for me at the end of the PhD.
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I also want to acknowledge Teresa Bonner, Helen Border and Gail Reat in the teaching office.
You all trusted me to do the job that I did when it came to tutoring, and for that, I am very
grateful. One of the other jobs you gave me during my time as a PhD student was to run
around the campus during exam season and collect the student’s scripts. Although to many
this sounds like a nightmare, I actually really enjoyed it. Once again, it provided a nice break
from my studies, and I learnt how to sort ~200 exam scripts by matriculation number in the
quickest possible time. Where else would 1 have got that experience? Thanks also to Magnus
and Laura — as well as Paul Harvey — for your companionship when we spent those days

in April-May 2015, 2016 and 2017 running around collecting all the student’s scripts!

Of course, all of these extra commitments I took onboard were for the benefit of the students
who have studied at the School over the years. As one of their tutors/demonstrators, I've
had the good fortune to get to know some wonderful people over the years. EvenifI guided

them through their studies for a few weeks of their lives, I hope that I left an impact.

In particular, I want to acknowledge Exarepnna Aaexcangposa (Ekaterina Aleksandrova),
Lisa Brooks, PR3 (Winston Chen), AyyeAog Kwvotavtividng (Angelos Constantinides),
David Creigh, Tom Decke, V1Beanna AJoiHosa (Ivelina Doynova), Leisha Hussein, Lisa
Laux, Elena Lucchetti, Rebekka Orth, Gabriele Rossi, Vincent Schlatt and Tevhide Turk-
men for keeping in touch and your friendship throughout our time here at Glasgow. It has
been a pleasure. Sorry that you were inflicted with the pain of having to Tango with Django

—but I know that in the end, you all tangoed really well!

ST N VAR TP B [ had many fantastic times in the School of Computing Science.

But one of the perks of being a PhD student is the ability to travel. I had the good fortune to
travel for conferences, internships and summer schools. I was originally uneasy at the idea
of travelling solo, but after travelling to my first conference, this fear totally disappeared.
Travelling became one of my favourite things to do, and I relished the opportunity to visit
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Glossary of Terms

2GS Aspectual Recall considers the number of documents returned by a retrieval sys-
tem that reference at least one unseen aspect of a particular topic. An interactive-based
approach can also be considered, where documents identified by searchers are exclu-

sively considered.

@l Cumulative Gain is used to measure the effectiveness of a retrieval system (or the
searchers that use it). The usefulness or gain possessed by each ranked document is
considered and accumulated together to produce a final measure. This can be at the
query level (i.e. considering individual queries), or at the session level (considering the

total gain acquired over a number of queries).

(@)"8 The Complex Searcher Model is the high-level, conceptual searcher model pro-
posed in this thesis. It is a development of existing searcher models provided in the
associated literature. The model considers the search session as a whole and incorpo-

rates novel improvements to the search process, such as a new stopping decision point.

pleel Considered as a natural evolution of [CG, Discounted Cumulative Gain once again
considers the gain that can be attained from a document. However, the underlying
assumption here is that relevant documents at higher ranks are more desirable. Gain
therefore for documents at lower ranks are penalised, or discounted, producing a rank-

aware measure.
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In an [R system, a document contains information that can be examined.
Typically, this would consist of unstructured text (i.e. natural language). However,
depending upon the context, a document may contain other forms of information, such

as images, audio, or video.

38 The Expected Search Length is an evaluation measure used within [R. It considers
the number of non-relevant documents that will have to be examined by a searcher be-

fore reaching the desired number of relevant documents. The ESL provides motivation

for a number of gtopping heuristic§ used within this thesis.

m A Fully Qualified Domain Name is a domain that specifies a host’s exact location
within a domain name hierarchy. For example, www may be a valid hostname, but

www. gla.ac. uk provides an exact match to the host’s location within a wider network.

(8B Human-Computer Interaction is the study of how computer technology is used

and designed. It focuses on the interfaces between users and computers.

RN A Human Intelligence Task is the name given to jobs posted on the [Amazon Mechan

fcal Turk (MTurk) platform.

LI HyperText Markup Language is the standard markup language used in the devel-
opment of web pages and web applications. HTML documents are annotated in a way

that is syntactically different from the text, such as through the use of <tags>).

LINNE The HyperText Transfer Protocol is the underlying protocol used for the trans-
mission of content over the WWW] amongst many other protocols. It defines the rules

by which web servers and web browsers can communicate with one another.

LV ILE A hyperlink is a reference to some data source that can be clicked on to jump
to the said data source. This concept is most well known as part of the WWW,, with the

links that hyperlinks create between documents defining the web-like structure.

[xx



|3W [nformation Foraging Theory applies the theory and constructs provided as part

of [OFT]. First considered in the 1990s with seminal work by Pirolli and Card (1999), IFT

considers as individuals when searching for information. This analogy al-
lows one to consider how instinctive foraging mechanisms employed by animals look-

ing for food in the wild can be applied to humans when foraging for information.

m A simplistic description of Interactive Information Retrieval would be the study
of how humans interact with retrieval systems, considering aspects such as their be-
haviours and experiences. This is in contrast to the study of [R, considering purely

system-sided aspects.

DI EMIL IR A searcher can develop an information need when observing some

phenomenon in the real world. It is a desire to locate and obtain information to satisfy

a conscious or unconscious need. This is typically considered to be one of the first steps

of the [[IR process.

ﬂ Similar to precision, interactive precision considers the fraction of relevant docu-

ments relevant to the issued query, as identified by the searcher.

m The Interactive Probability Ranking Principle (Fuht, 2008) is an update to the [PRD.

Within its framework, interaction is considered. This allows for costs over different
activities (i.e. issuing queries or examining result summaries and documents) and

changes in a searcher’s information need.

n As a field of academic study, Information Retrieval could be defined as the study of
“finding material (usually documents) of an unstructured nature (usually text) that satisfies

an information need from within large collections (usually stored on computers)” (Manning
2008).

(D T\VET T S W Kuullback-Leibler divergence, or relative entropy, is a measure of how one

probability distribution is different from a second.
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V'MW The Mean Squared Error measures the average squared difference between esti-
mated values, and what is being estimated. It considers the notion of bias and standard

error, with the lower the MSE, the better the estimation to the real-world observation.

Amazon Mechanical Turk is a crowdsourcing platform, allowing for one to coor-
dinate the use of human intelligence to perform tasks that computers cannot presently

undertake by themselves.

V\\AW The Marginal Value Theorem (Charnov, 1976) is an optimisation model used to

describe the behaviour of individuals foraging in a system where resources are located

in discrete patches.

\[FW The National Institute for Standards and Technology is a laboratory and non-
regulatory agency of the U.S. Department of Commerce. NIST has been central in pro-

viding support to the [RE( evaluation effort.

O]al Optimal Foraging Theory (Stephens and Krebs, 1986) is a behavioural ecology
model that helps to predict how animals behave when searching for food. From the
theory, an optimal foraging strategy can be derived and employed that provides the

most gain (energy) at the lowest cost.

Z1de )l Considering Opfimal Foraging Theory (OFT), a patch is considered an area a for-

ager’s surrounding environment. In each patch, the forager can extract gain. Using the
example by Pirolli and Card (1999), a bird foraging for berries would find berries on
different berry bushes. Each bush can be considered an individual patch with different
levels of gain. The bird would expend time on a particular bush (within-patch) and

then fly to the next patch (between-patch). Under [FT], a patch is typically considered
as a GERB.

One of the simplest performance measures, precision is defined as the frac-
tion of documents retrieved that are relevant to the searcher’s query. This is typically

presented as P@k or the fraction of relevant documents up to some rank k.
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m The Probability Ranking Principle (Coopet, 1971; Robertson, 1977) is a fundamental

theory of [R|, outlining that for a retrieval system to be effective, it must present results

to a searcher in decreasing order of likelihood of the results being relevant.

O] Query RElevance Judgements are a series of judgements that are assigned to doc-
uments within a corpus. Typically, these are considered over a per-topic basis, with bi-
nary or graded judgements assigned. As an example, binary judgements would denote
that some item is either relevant and not relevant. These are considered as the ground

truth or gold standard judgements of relevance.

OlITgA A query is a precise request issued to a retrieval system. Here, a searcher’s

information need is formulated as one or more query terms.

1N Rank-Biased Precision (Moftat and Zobel, 2008) is an evaluation measure used

within [R. It encodes within it a simple model of searcher behaviour, with a patience

factor denoting how far down a list of ranked results a searcher is prepared to go.

GLVEN A Relational DataBase Management System is a type of database management
system based upon the relational model. At a minimum, a RDBMS provides data as a
series of tables, comprised of rows and columns, and the ability to create relationships

between the said tables and data.

Recall denotes the number of relevant documents that were matched against a

searcher’s query by a given retrieval system.

CESTIEIT I EIRA On a SERD, a result summary provides a title, summary and source

for a document that was matched to the searcher’s query. Result summaries are the ten

blue links one is accustomed to when interacting with a retrieval system.

REAT T [ ERARCAVE RS I In this thesis, result summary level stopping denotes

the topping decision poinf when a searcher is interacting with a FERB,. It considers the

depth to which a searcher will examine fesult summaried. This is typically referred to

as snippet level or query level stopping in the literature.
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A searcher is an individual who uses a retrieval system to help him or her

satisty some given nformation need|.

S A Search Engine Results Page is the primary output of a contemporary retrieval
system (typically WWW-based). It is a page consisting of a series of results that were

matched by the retrieval system to the searcher’s query.

SERP Level Stopping level stopping denotes the ftopping decision poinf where

a searcher can choose to either enter a SERH and begin examining content in detail, or

abandon the SERH and move on to the next action.

SIS R RAVEIRS (oI [sl Session level stopping considers stopping in terms of the overall

search session. Typically, this would be evaluated in consideration of time limits or

search session goals (i.e. find x relevant documents).

AW Search Economic Theory (Azzopardi, 2011) is a theory explaining the search pro-

cess in terms of economics — in particular microeconomic theory. Under this approach,
the search process is viewed as a series of inputs (queries, assessments) that are used to

produce an output (relevance).

Syeo] oI RIS BT Core to this thesis, we refer to stopping decision points as the
decision points within the that permit a searcher to stop their current activity (i.e.

examining result summaries or the search session).

Sy oI R TSl A stopping heuristic is defined in this thesis as a heuristic that de-

scribes the stopping behaviour of a searcher. A heuristic may consider one or more

stopping criteria when determining a stopping point.

SN LECWA A stopping strategy is an operationalised stopping heuristid. The

heuristic is converted to a series of rules that can be subsequently operationalised —

and later implemented — as part of a wider searcher model.
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{58 The Text REtrieval Conference is an [R evaluation forum, considering a number
of different research areas, or tracks. Central to the TREC effort is the development of
topics, tasks and document collections (corpora) that are commonly used in [R experi-

mentation — with this thesis included.

VN A Uniform Resource Locator is a reference to some resource hosted on a computer
network. It contains the address to the resource and the means by which it can be
retrieved. For example, the URL http://www.dmax.org.uk specifies that HTTP is

used to retrieve content at the address www.dmax.org. uk.

VET® Analagous to a pearcher|.

The World Wide Web is an information space in which documents and other
resources, linked together via can be accessed via the [nfernef.
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“Essentially, all models are wrong, but some are useful.”

George E.P. Box, 1919-2013

Oh well. I hope that my model is at least useful...
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Chapter 1

Introduction

Today, we live in the Information Age, an era of human history characterised by the rapid
development of technology. This allows for the creation, transmission and retrieval of large
volumes of information. Two key developments that have permitted an increase in infor-
mation generation are the electronic computer and the associated technologies that allow

for near-instantaneous communication with devices all around the planet, including the

Internet and World Wide Web (WWW) (Berners-Lee et al), 1994).

o

Since the early 1990’s, the WWW] has emerged as the dominant means of publishing infor-
mation over the Internet, replacing obsolete technologies such as the Gopher protocol.l As
the amount of information available on the WWW]| grew, so too did the paradigms that were

employed by those wishing to seek information on it.

!Gopher was designed primarily with a menu-driven interface in mind (i.e. selecting options from a se-
ries of choices). The Gopher ecosystem provided the foundations for the [HyperText Transfer Protocol (HTTP)
protocol, which the WWW] today utilises.




Information seekers would traditionally surf the WWW), starting from a particular domain.
From there, they would navigate through the WWW, via a series of hyperlinks within web
pages (or documents). This proved practical, as portal websites typically presented cate-
gorised lists of websites, much like a telephone directory. However, as the volume of con-
tent available on the WWW]| grew ever larger, this approach became impractical. The devel-
opment of search engines — referred to as retrieval systems in this thesis — provided information
seekers with the ability to the ever-increasing universe of documents available at

their disposal (refer to Figure [[.1]).2

This is not to say that surfing no longer occurs. Information seekers today will often use
a retrieval system to find a particular domain. From there, they may then begin surfing
within the said domain to find the information that they seek — if such information was not
found immediately by the retrieval system. Retrieval systems are however today the most
effective way to locate information. Helping realise this by developing efficient

retrieval systems is seen as the raison d’étre of the study of [R.

“...but perhaps the key technology that took the web from a useful supplement of current

information practice to become the default communication medium is search.”

(2010)

Contemporary commercial retrieval systems such as Google and Bing are considered to offer
an effective means of finding the proverbial needle in the haystack (Wilson et all, 2010),
where near perfect accuracy is regularly attained for popular queries (Vaughan, 2004). These
retrieval systems, along with the many others in existence today (for use in a variety of
contexts?), are the product of the collective work undertaken in the field of [R, as we discuss

in more detail in Chapter P.

2McBryan (1994) considered a retrieval system as a means of taming the considerable number of documents
online.

3Google and Bing may be the most popular retrieval systems for general web queries, but other contexts, for
example, can include academic search, enterprise search, multimedia search and patent search.



('Y X ) Surfing Example o000 Searching Example
Latest News

Student Sybmits
PhD Thesig
A Glasgow PhD student has finally

submitted his PhD thesis for exami- S e rc h

nation, ending years of speculation.

“ - student finally submitted thesis %
po— To Results 4)

Bento comes Bento gets Hammy Spins

home; bork! Dinner; barks! Wheel; 20kWh!

HMERBRE The paradigms of surfing and searching. On the left, a seeker will navigate through
a series of documents via (perhaps without a specific information need in mind), while a
searcher (right) will issue a query articulating their information need, relying on a retrieval system

to retrieve a series of documents that are judged to be useful to the seeker.

Retrieval systems aim to make it easier for searchers to satisfy their underlying
jeed. A searcher will develop an information need from a perceived problem — either from
a knowledge gap, an internal inconsistency, or a conflict of evidence. This state has been
referred to as the Anomalous State of Knowledge (ASK) (Belkin, 1980). A searcher, once they
have realised this information need, will formulate a — an expression of what they

are looking to seek (Borlund, 2003), typically consisting of a number of different terms.

This query is then submitted to the retrieval system, before a potentially relevant set of
documents — as judged by the retrieval system — are returned to the searcher. From this set

of documents, the searcher can then begin the process of examining them for relevance.

A number of complex interactions take place between an individual seeking information

and the retrieval system being utilised (Ingwersen and Jarvelin, 2005). This interactive pro-

cess, where the searcher engages in dialogue with the retrieval system, is considered the

study of [nferactive Information Retrieval (IIR) (Borlund, 2003). One of the fundamental as-
pects of [IR is that of B&lsloIil<@ — where, for example, a searcher must decide when to stop

examining the list of results returned to him or her.

Examining stopping behaviour is one of the many different aspects of interaction that have



1.1 Motivation and Context

been examined to help us better understand a searcher’s behaviours. This knowledge can
be used to make the search process a more seamless experience for the individuals using a
retrieval system. As we discuss in the next section, much of the research in both [R and
has been limited in terms of examining stopping. Subsequently, these limitations provide

motivation for the work that we present in this thesis.

I Motivation and Context

Central to much of the work undertaken in the field of [R is the BROERUELREIELT[uN a

term denoting a standardised approach of [R evaluation (Cleverdon et al], 1966). Primarily

credited to Cyril Cleverdon at Cranfield Universityf], the paradigm revolves around the
notion of standardised test collections — standardised corpora of documents that can be

used by different researchers, providing a uniform foundation for [R experimentation.

While the basic principles of the Cranfield paradigm have remained in place since it was
established in the 1960’s, aspects of the approach have evolved over the years to cater for

the ever increasing complexity of the tasks trialled (Harman), 2010). The approach is widely

used in evaluation forums, such as NTCIR (NII Testbeds and Community for Information access

Research) and CLEF (Conference and Labs of the Evaluation Forum). However, one of the best-

known evaluation forums following the paradigm is the Natfional Institute of Standards and

[Technology (NIST) sponsored RIRAANAGEEI RS {=ICOILNQINE®R (Harman, 1993). Indeed,

the work reported in this thesis extensively utilised material generated as part of [REQ

efforts, provided as part of different [TRE(Q Tracks over a number of years.

With the Cranfield paradigm, significant advances have been made possible regarding the
evaluation of [R systems. However, the approach can be argued to be somewhat limited

from the context of as it highly abstracts the interactions that take place between a

4Cranfield University is located at Cranfield, Bedfordshire, England. It is a unique university in that it has
a semi-operational airport, given its heritage with aeronautics research.
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searcher and a retrieval system (Borlund, 2000; [ngwersen and Jarvelin, 2005). In other
words, the paradigm broadly fails to consider the complexities of the process. As an
example of such a complexity, searchers could issue multiple queries during the course of a
search session. Subsequently, they would adapt their interactions based upon the perceived

quality of presented ranked result lists (Moftat et al], 2013).

A key example of such behaviour adaption is the searcher’s stopping behaviour. For ex-
ample, a poor set of results may mean that searchers would stop examining results com-
paratively early than a set of results perceived to be of good quality. Searchers also often
stop once they feel that they have found sufficient information to satisfy their information
need (Zach, 2005). Indeed, selecting good terms to use within a query is difficult yet impor-
tant (Etthimiadis, 2000). The initial query posed in a search session often acts as an entry to
the search system, followed by phases of browsing and query reformulations (Marchionini
et all, 1993). Searchers also will typically abide by the principle of least effort, whereby they

strive to minimise the expected rate of work expenditure over time (Zipf, 1949).

The experimentation paradigms that have evolved from Cranfield make a series of different
assumptions that are largely at odds with how searchers interact with retrieval systems.

Namely, these assumptions state that a searcher will:

» issue a single query over the course of a search session;
» examine documents to a fixed depth (typically 1,000 in TRE( experimentation); and

w assess all documents to the fixed depth.

While providing a simple platform for performing retrieval system evaluation, such as-
sumptions are unrealistic. Herein lies a fundamental disconnect between the studies of
and [IR - the naive assumptions made of searchers within [R experimentation listed above
do not hold when considering the complex interactions that actually take place during

the [IR process (Ingwersen and Jarvelin, 2005). In order to address the fundamental discon-

nect between the two fields, we need to create Bl R RIS geh E @l S0 that better
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articulate what real-world searchers actually do. A better searcher model would ultimately
mean a better understanding of the complex interactions that take place, which would lead
to an improved understanding of how to assist searchers. Work to improve our understand-
ing has been undertaken in the field of [IR to address this, examining searcher behaviours

under a number of different phenomena — including (but not limited to) the following:

= query formulation and suggestions (Azzopardi, 2009; Azzopardi et all, 2007; Baskaya
et al), R013; Carterette et all, 2015; Jordan et al), 2006; Keskustalo et al), 2009; Verberne
2015);

» browsing behaviours (Carterette et all, 2015; Chuklin et all, 2015; Guo et al}, 2009; Paakkd
nen et all, 2015; Smucker, 2011);

» the influence of costs and time (Azzopardi, 2011; Baskaya et all, 2013); and

» performance over search sessions (Luo et all, 2014, 2015).

When considering how we model searcher interactions, a further (and particularly impor-
tant) phenomenon largely overlooked in the above is a . In-
deed, given its title, this is what we consider in this thesis — how can we make improvements
to searcher models when considering stopping behaviours? This phenomenon is now seeing an
increasing amount of time devoted to its examination. In the following subsection, we pro-

vide an argument as to why examining this phenomenon is important.

I Considering Stopping Behaviours

Knowing when to stop is a fundamental aspect of animal — and by definition, human —
thinking and behaviour. There must come a time when an animal must stop what it is doing.
In the natural world, for example, a honeybee, when foraging for pollen, will eventually

make a decision to stop collecting pollen on the flowerhead it finds itself on and flies away
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[ X X ) highland whiskies - Search
Searc h  highiand whiskies

Dalwhinnie Distille Dalwhinnie Malt Whisky | Malts
https://www.malts.com/distilleries/dalwhinnie/

Dalwhinnie Distillery stands in the Cairngorm National Park at the heart of the
Scottish Highlands in the village of Dalwhinnie. Finest scotch whisky.

Laphroaig: Home

https://www.laphroaig.com/

Laphroaig Single Malt peated Whisky from Islay. The most richly flavoured
scotch whisky in the World.

Scapa Whisky | Scapa The Orcadian

scapawhisky.com/

Scapa is an artisanal single malt whisky forged by the extreme elements of
Orkney, Scotland.

Examples of stopping. On the left, when will the bee move from one flowerhead to
the next? On the right, under the context of information seeking, how far down a list of ranked
results will a searcher go before he or she decides to stop examining content? In the example
above, Search has failed to return a comprehensive list of highland single malt whiskies »&=« Will

the searcher become frustrated with this, and stop examining results early?

to another flowerhead. The honeybee is in essence attempting to maximise the amount of

gain (pollen) she accumulates over time on each patch (flowerhead) that is visited.

If we consider stopping from an information seeking context, there are many different ex-
amples we can use to demonstrate why this behaviour is of great importance. For example,
a searcher may decide to stop searching for information when the documents presented

show a large volume of non-relevant material, frustrating the searcher (Cooper, 1973b) —

perhaps because the retrieval system failed to gauge the searcher’s query intent (Ashkan
et all, 2009), as demonstrated in Figure [.2. Searchers could also stop examining content
after they have become satisfied with the information found previously in a search ses-

sion (Coopet, 1973a; Gibb, 1958; Simon, 1955), or if they feel that the information being
presented is too similar to what has been found earlier (Nickles, 1995).

A number of different external factors can influence the decision of when one should stop.
Examples of these include the bee finding a flowerhead with no pollen, or time pressures

when searching for information. However, Nickles (1995) argues that knowing when to

stop is largely determined by a series of internally defined stopping criteria that the decision
maker employs, just like the examples defined above. Therefore, this internal construct

makes stopping a phenomenon that is difficult to model in an effective way. Given that
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internal factors are a major drive in determining when to stop, studies have largely been
unable to quantify why searchers stop, other than what they find during the search process

gives them the feeling that the located information is “good enough” (Zach, 2005).

In contrast to this vague definition of stopping behaviour, several researchers have at-
tempted to create a series of reasoning- and judgement-based that
attempt to formally define when a searcher should stop. It is these stopping heuristics that
we will primarily consider in this thesis. These heuristics can then be integrated within a
wider searcher model, allowing us to determine whether they improve or worsen approxi-
mations of actual searcher stopping behaviours. From here, we can then begin to ascertain
potential answers to what the feeling of “good enough” (or even not good enough!) may
entail. The searcher model can incorporate stopping behaviours at a variety of different

ST lel [ e [T W] )1EW — such as at an individual result summary level (how far down

this list of ranked results should I go?).

Examining stopping behaviours during search is important because it considers the judge-
ments of a searcher as part of their interactions. For example, it would be prudent of a
searcher examining a ranked list of results that are mostly non-relevant to stop early, thus
saving time and effort (thus making the searcher more efficient). Stopping behaviour is also
implicitly or explicitly encoded within a variety of different [R and [IR measures. Obtaining
a better understanding of when searchers stop means that we can encode this information
within measures of search (improving their credibility), and provides an evidence-based

approach to mapping these measures with what actually takes place in reality.

(WA High-Level Research Questions

Having set out the problem space above, we can now begin to formulate the four high-level
research questions that the work in this thesis addresses, denoted as JzI&INO}@. Our first

research question considers the concept of modelling searchers, and how, with an emphasis

10
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on examining stopping decision points, we can improve current models to better reflect

actual searcher behaviours — in particular, their stopping behaviour.

« RIS OX M How can we improve searcher models to incorporate different stopping

decision points?

As previously stated, being able to improve upon the current searcher models from the
perspective of stopping should allow those subscribing to such a model to become more ef-
ficient as to how they search. Closely related to this advancement in modelling this process

is the consideration of the various stopping heuristics.

« PaISINOPR Given the stopping heuristics defined in the literature, how can we encode

these heuristics into a series of operationalised, programmable BS{els]ol{jleESdE =l [

that can be subsequently incorporated into the searcher model and evaluated?

Stopping heuristics that we detail later in Section B.7 are high-level in nature and do not
provide an explanation as to how they can be operationalised within a wider system. The
challenge that must be addressed in order to answer this second high-level research ques-

tion will be how we can operationalise such stopping heuristics.

With a more realistic searcher model from QzIRINOKM and a series of stopping strategies
defined by addressing Qz|Rd{oPW how well does this combination perform?

« QRIRINOEEN Given the aforementioned operationalised stopping strategies, how well

does each one perform?

« JIRINeKL B How closely do the operationalised stopping strategies compare to the

actual stopping behaviours of real-world searchers?

11



1.3 Thesis Contributions

These questions are of course of a very broad nature, and it is simply not possible to evalu-
ate them in every conceivable search context. As such, we will examine different contexts
that are likely to impact upon searcher stopping behaviours. Specifically, we will examine

topical interactive search in the domain of news, where we will consider various conditions:

search goals and task types; retrieval systems; and fesult summary] length. In the following

section, we expand upon these conditions to provide a concrete set of thesis contributions.

AW Thesis Contributions

This thesis presents a number of key contributions. Listed below, we consider primary

contributions from conceptual, theoretical, methodological and empirical standpoints.

(00e]) (o= o3 T E | N OCT D] VY=L (L IV T Il Our first contribution is a new searcher model.

Taking current searcher models, we propose an updated, high-level model of the search pro-

cess called the [Complex Searcher Model (CSM). This provides us with a solution for address-
ing BRIRINONE. Outlined in Chapter g (page [[07), the conceptual [CSM outlines a series of

different activities and decision points that searchers undertake throughout the search pro-

cess, and establishes a flow of interaction based upon established models. Within the CSM

are a number of different innovations, key of which is the new ftopping decision poinf.

For example, this improvement allows us to ascertain a better understanding of the search
process, and the complex interactions that occur between a searcher and retrieval system.
Being a conceptual model, we can take the [CSM and instantiate it in a number of different
ways. The stopping strategies that we consider in this thesis, for example, provide a means

for instantiating stopping decision points within the [CSM.

LG R IR EICLIEI As previously discussed, there is a range of different

stopping heuristics that have been defined in the literature that provide an explanation
for when searchers should stop examining content. The second major contribution of this

thesis is the development of twelve operationalised stopping strategies. These may then be

12
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subsequently deployed as the logic underpinning a stopping decision point of the CSM (as
defined above). These twelve strategies encode a total of seven different stopping heuristics

and [R measures. The operationalised stopping strategies provide a solution to zIRd{ePH.

V(ST CI e [[«]1W The proposed [CSM and the twelve stopping strategies that we opera-

tionalise need to be evaluated, such that we can then subsequently address the two re-
maining high-level research questions, and . To do this, a general
methodology outlines an approach undertaken for user studies. is then used
to determine how the different stopping strategies perform over each of the different search

contexts trialled, and how the stopping strategies compare to actual searcher behaviour.

o] go-| RAVE TV (e T {10 [ ETQA R o1 i@ We report on a study where the length of in-

dividual result summaries presented to searchers are varied to determine what impact that
this has on searcher stopping behaviours. As we modify the length of result summaries,
we also argue that we influence the overall quality of result summaries. We then perform a
simulated analysis examining each of the stopping strategies, determining what strategies

perform best and offer the closest approximations to real-world stopping behaviours.

1] (g o | RAVE TR 1 T N el E AN E (LI B (Il We report on an additional user study, ex-

amining the impact of stopping behaviours when the search task and goals are changed.
For this, we consider topical ad-hoc retrievalB, along with a diversified search task, chang-
ing the overall goal of what searchers are looking to find. This is then complemented by a

further simulated analysis, examining the individual stopping strategies like above.

1] [ g o | R TEWAS Lol o] oI [ A DTN Wi 1l The final empirical contribution complements the

conceptual contribution of this thesis, addressing JzIRINOXM. We perform a further simu-
lated analysis, examining how well the new stopping decision point performs when incor-
porated within the [CSM - and whether it offers better approximations to actual searcher

stopping behaviours.

SThe ad-hoc search task is explained in detail in Section I-3.1.1 - it is one of many different types of search
task that can be performed by searchers.

13



1.4 Thesis Statement

(W Thesis Statement

Given the above, the major claim of this thesis is that by considering stopping behaviours at
different points throughout the search process, we can develop more credible and realistic
models of the said search process. These more advanced models can be used as a tool for
improving our understanding of stopping behaviours and other complex interactions that
occur when searching. Findings from this work can then subsequently aid researchers in
the development of more intuitive (and realistic) measures used to facilitate the evaluation

of retrieval systems and their users.

LY Origins of the Material

Material presented in this thesis has appeared in several conference papers and journals
throughout the duration of the author’s PhD programme, from October 2013 to March 2019.
All are listed in the front matter of this thesis in chronological order. In this section, we
provide a narrative, explaining how the developments in the listed publications led to the

contributions of this thesis. Work can be considered over three main strands:

= the development of the conceptual and theoretical contributions to this work;
» the development of the SimlIR framework; and

» a series of empirical studies.

(O] (LT IEIRET s ML LI Work on the [Complex Searcher Model (CSM) has been under-

taken over a number of years, and were presented in various publications. Several itera-

tions of the [CSM have been developed, with each iteration offering refinements to improve

its realism.B The first iteration of the [CSM - essentially analogous to prior models of search

To simplify reporting (and use) of the CSMin this thesis, we consider only the latest revision of the model.

14



1.5 Origins of the Material

outlined in Sections and P.3.5 — was used in simulated analyses, as reported in the

two publications listed below.

» Maxwell, D., Azzopardi, L., Jarvelin, K., and Keskustalo, H. (2015a). An initial inves-

tigation into fixed and adaptive stopping strategies. In Proceedings of the 38" ACM
SIGIR, pages 903-906

» Maxwell, D., Azzopardi, L., Jarvelin, K., and Keskustalo, H. (2015b). Searching and
stopping: An analysis of stopping rules and strategies. In Proceedings of the 24" ACM
CIKM, pages 313-322

These publications are notable for also including a number of operationalised stopping
strategies, providing the foundations for the second major contribution of this thesis. The
stopping strategies defined in these publications were used in subsequent publications.
Further developments to the CSM were found in a subsequent publication which exper-

imented with the notion of developing intelligent search agents.

» Maxwell, D. and Azzopardi, L. (2016a). Agents, simulated users and humans: An
analysis of performance and behaviour. In Proceedings of the 25" ACM CIKM, pages
731-740

The final development of the [CSM led to the inclusion of an additional stopping decision
point. This new stopping decision point was tested with a thorough empirical analysis, as

reported in the publication enumerated below.

» Maxwell, D. and Azzopardi, L. (2018). Information scent, searching and stopping:
Modelling SERP level stopping behaviour. In Proceedings of the 40* ECIR, pages 210~
222

15



1.5 Origins of the Material

S ERIE RIS One of the major pieces of scientific apparatus utilised throughout all

of the aforementioned studies is the SimlIR framework, which we discuss in Section p.4.]]
on page [[59. Conducting the extensive simulations of interaction we report in this thesis
would not have been possible without it. A demonstration paper presenting the framework

and the various components that could be instantiated within it has been published.

» Maxwell, D. and Azzopardi, L. (2016b). Simulating interactive information retrieval:
Simiir: A framework for the simulation of interaction. In Proceedings of the 39" ACM

SIGIR, pages 1141-1144

S LIRS The general methodology that we employ for the third major contri-

bution of this thesis has been introduced and refined in the publications listed previously.
In addition to this, a basic description of the methodology is provided in a Doctoral Con-
sortium paper that the author presented at the first ACM Conference on Human Information

Interaction and Retrieval (CHIIR) in Chapel Hill, NC, USA.

» Maxwell, D. (2016). Building realistic simulations for interactive information retrieval.

In Proceedings of the 18 ACM CHIIR, pages 357-359

The results of two user studies have also been published, and are of direct relevance to the

work detailed later in this thesis.

= Maxwell, D., Azzopardi, L., and Moshfeghi, Y. (2017). A study of snippet length and
informativeness: Behaviour, performance and user experience. In Proceedings of the

40" ACM SIGIR, pages 135144

» Maxwell, D., Azzopardi, L., and Moshfeghi, Y. (2019). The impact of result diversifi-

cation on search behaviour and performance. Information Retrieval Journal. In press.
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These studies provide the grounding for simulated analyses that we also consider later in
this thesis. The data extracted from these user studies provides credibility to our simula-

tions through the extraction of aspects such as interaction costs and probabilities.

(W3 Thesis Outline

This section provides a brief summary of the remaining parts and chapters of the thesis.

Z1adll The remainder of Part I concerns prior work that has been undertaken in the fields
of [R and [IR. Two chapters outline the basics of [R and [IR (with particular emphasis to how
models and measures that we commonly employ consider stopping), before examining the

literature that has explicitly considered searcher stopping behaviours.

(& D@ Beginning on page P1), this chapter provides an overview of the key con-
cepts of the fields of [R and [IR. We focus on core [R concepts, such as the indexing

and retrieval processes (including retrieval models). We then move towards a more
user-centric examination of established methods in the field of such as the con-
sideration of various evaluation measures that are commonly used. We also outline
different searcher models that have been previously defined in the literature. These

capture the activities and decisions that individuals perform while searching.

We then consider work that has considered stopping in relation to search.
In this chapter, we begin by describing various stopping heuristics defined in the lit-
erature. We summarise previous user studies that have examined searcher stopping
behaviours, and then consider key theoretical models of search that provide explana-

tions for when individuals stop.

Z1ad |l Beginning on page [L06, Part [] presents the conceptual and theoretical contributions
of this thesis, including a discussion of the [CSM|. In this part of the thesis, we also provide

an outline of the general methodology that is used in Part [II.
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This chapter introduces the [CSM, discussing the advances that the con-
ceptual model provides over contemporary searcher models. We discuss the key stop-
ping decision points provided by the [CSM that are central to this thesis, before dis-
cussing the assumptions of the model. This partly addresses — evaluation

of the model is also required, and is discussed in Chapter J.

& ELICTEEN In this chapter, we introduce and discuss the various stopping strate-
gies that we operationalise as part of the contributions of this thesis, thus addressing

RIRINOPA. Each of the different stopping strategies, complete with examples, are dis-

cussed in depth. The chosen stopping strategies are linked back to their originating

stopping heuristics, which are detailed in Chapter j.

@, ET - del This chapter outlines our general methodology, detailing the high-level
structure of the scientific method used in our empirical work. We also provide a dis-

cussion of common approaches that we used across all subsequent chapters.

=g [|@ The third part of this thesis considers our empirical contributions. In this part, we

present the user studies that were undertaken, as well as a number of simulated analyses

that allow us to address research questions EsIEINOEER and JaIRINOkIN.

The first empirical chapter considers how stopping behaviours vary when
the length (and thus quality) of result summary snippets are varied. We provide a dis-
cussion of a user study that examined this phenomenon, before summarising the find-
ings of simulated analyses that were conducted in order to determine what stopping
strategies offered the best performance and approximations of real-world searchers

under this context.

@ Tl In this chapter, we report on a user study examining how a searcher’s
stopping behaviour varies when subjected to conditions that vary the task, goal, and
system used. We then again perform simulated analyses to examine these stopping

behaviours in more detail.

18



1.6 Thesis Outline

The final chapter wherein novel findings are presented considers the new
stopping decision point that is provided by the [CSM. We empirically test the [CSM,
allowing us to determine whether the inclusion of the new stopping decision point
discussed in Chapter @] provides improvements in overall performance and approxi-
mations of actual searcher stopping behaviours. As such, this chapter provides suffi-
cient evidence, in conjunction with Chapter fl, to address JRIEINONM. We utilise data

from user studies discussed in Chapters [] and § to ground our simulations.

The final part of this thesis consists of a solitary chapter, B&EIJIgEN. The con-

cluding chapter of this thesis provides a summary of the work that was undertaken, and

the results obtained. We then discuss potential avenues for future work.
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Chapter 2
Information Retrieval:

A History and Background

Searching for information on computers is today commonplace, thanks to the proliferation
of the WWW]| and commercial search enginesll. Despite potential negatives that these tech-
nologies may bring — turning us into shallow thinkers (Cart, 2008), for example — retrieval
systems today by and large make our lives easier, allowing us to find the proverbial needle
in the haystack with minimal effort. These results are returned to us while honouring the

implicit searcher contract of a timely response (in the order of milliseconds).

Search

how to write a phd thesis

Central to the development of retrieval systems is the study of [nformation Retrieval (IR).

One of the key developments in the advancement of [R as a field was the creation of a de
facto approach to studying [R and performing [R experimentation. This was developed in
tandem with a series of retrieval models underpinned by different theories, and the means by

which we could evaluate their effectiveness. We begin this chapter with a brief overview of

10r, as we refer to them in this thesis, retrieval systems.
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2.1 A (Brief) History of Information Retrieval

the history of [R, acknowledging the manual and mechanised systems that predate contem-
porary computer-based retrieval systems. After this, we move on to discussing the basics of

what constitutes an [R system. From there, we discuss work that has switched the core fo-

cus of research from the system to the searcher, introducing the field of [nferactive Informatior]

Refrieval (IIK). Included in our discussion of the searcher are some of the current searcher
models that encapsulate the different activities that they may perform. We then conclude

the chapter with a discussion of the various measures used for [R and [IR evaluation.

P A (Brief) History of Information Retrieval

While many associate the study of [R with computers, the need to seek information in a
quick and effective manner has existed throughout human history. In this section, we pro-
vide a very brief overview of some of the key advancements in what can be considered to be

the study of [R - from library cataloguing approaches, to contemporary retrieval systems.2

p2 W Libraries and Mechanisation

Containing a large volume of books discussing a virtually unlimited range of categories, li-
braries require the need for a means of organising (and thus easily locating) information with
relative ease. Catalogues provide a way in which to achieve this, with ancient Greek poet
Callimachus being the first person to create a catalogue in the third century BC (] d
2009). A more recognisable approach to categorising content was devised by
(1891)) with the Dewey Decimal System. The use of cards as an indexing system was also consid-
ered by individuals such as (1918) who invented a system of providing information

on what category a card belonged to based upon a punched hole.

However, finding information using these techniques was slow. In order to speed up the

process of finding useful material, mechanised techniques were also used. Allowing for

2 An excellent, in-depth discussion on the history of [R is provided by Sanderson and Croft (2012).
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2.1 A (Brief) History of Information Retrieval

searching at the rate of 600 cards per minute, Luhn devised in the early 1950s a mechanised

system that utilised punchcards and light. As stated by Sanderson and Croft (2012), this

was also around the time that the term [[nformation Refrieval (IR} was used (Mooers, 1950).

From this point in history, computer technology was developing at a rapid rate. Ultimately,

this led to computerised systems superseding mechanised approaches (Jahoda, 1961)).

YR WHE The Rise of Computers

Computers now provide the underlying technologies with which we closely associate with
a typical, contemporary [R system. Sanderson and Crof{ (2012) state that digital storage
capacity (e.g. hard disks, and more recently, solid state storage) roughly doubles every
two years. This claim is essentially analogous to the famous Moore’s Law (Moore, 1965),
which observes that the number of transistors in a processor (or other integrated circuits)
doubles roughly every two years.B Indeed, the speed at which modern day computers can
search vast indexes and databases of content is vastly superior to traditional cataloguing ap-
proaches. These technological advances permit the near instantaneous returning of results

from an initial request, with searchers expecting a set of results in the order of milliseconds.

Progressing from computers was the development of computer networks, permitting the
transmission of information between computers over increasingly large geographical dis-

tances. With the development of the Internet, the scene was set for the introduction of one

key technology — the [World Wide Web (IWWW).

2.1.3 BRI gl BT CRUED)

The distribution and ability to search for information over computer networks such as the

Internet was traditionally undertaken with legacy protocols such as Gopher. Gopher would

3 As of 2019, it is becoming increasingly difficult to develop integrated circuits that meet this rule of thumb.
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—©-6 YaHoO! -9-@

'Ll'll'hat = New Eheck Email Personalize Help
| T
World Cup 98 J. iR iag ] g7.104) m:::%maﬂ

Search options
Yahoo! Games - play online chess, backgammon, bridge, blackjack and more...

Yellow Pages - White Pages / People Search - Maps - Classifieds - Personals - Chat - Email
Shopping - My Yahoo! - News - Sports - Weather - Stock (Juotes - more...

« Arts and Humanities » News and Media [Xira!]
Arxchitecture, Photography, Literature.... Current Events, Magazines, TV, Newspapers...
» Business and Economy [Xtra!] » Recreation and Sporis [Xtra!]
Companies, Finance, Employment... Sports, Games, Travel, Autos, Outdoors...
» Computers and Internet [Xtra!] * Reference

AW A screenshot of the landing page of Yahoo!, as shown on July 5, 1998. Notice the
link for the 1998 FIFA World Cup that was taking place at the time. More central to this thesis is the
inclusion of a list of page categories in conjunction with the now ubiquitous search box. Screenshot

acquired from the Internet Archive (under fair use).

provide a series of options for a user to select (i.e. categorisation of content), akin to the

traditional library cataloguing approaches described above.

The advent of the WWW] in the early 1990s brought about a new type of [R system — web re-

trieval systems. Regarded as the first experimental web retrieval system, JumpStation was

outlined by McBryan (1994). In this system, anchor text within hyperlinks of
Markup Language (HTML) pages could be exploited to aid the ranking of documents. How-

ever, popular web retrieval systems of the 1990s initially followed the categorisation ap-
proach hailing back from libraries, as illustrated in Figure 2.1 with a screenshot of Yahoo!
from 1998. This categorisation approach on the Yahoo! front page ties in with the surf-

ing paradigm described back in Chapter . However, as the volume of information on

4With JumpStation developed and hosted at the University of Stirling, could one make the claim that web
retrieval systems are a Scottish invention?
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2.2 Information Retrieval Basics

the WWW] rapidly increased, this way of presenting information became impractical. It
was not long before the now contemporary paradigm of search took hold, allowing indi-

viduals to dictate their information needs through the issuance of a query.

The processes that take place from query issuance to the returning of results can be consid-

ered as the study of contemporary [nformation Retfrieval (IR). As we will discuss throughout

the remainder of this chapter, work includes aspects such as the basic components of a

retrieval system and approaches used for the evaluation of such systems.

pA Information Retrieval Basics

An [R system is expected by the searchers that use it to return results that can be consid-

ered to their information need. Typically, these results should be by
decreasing order of relevance. This was originally hypothesised by (1957), and suc-

cinctly expressed by Robertson (1977).

“A [reference] retrieval system should rank references in the collection in order of their

probability of relevance to the request, or of usefulness to the user, or of satisfying the

user.” Robertson (1977)

Such a system would search through a collection of unstructured or semi-structured data
(such as a collection of web pages or other text documents, or even images or videos, rep-

resenting multimedia retrieval) before returning potential matches to the searcher.

WLETATE{CERGREE B RITS LR ELER A key difference between a traditional database

system — or [Relational Database Management System (RDBMS) - and an [R system is the type

of data that they consider. While a RDBMS considers structured data, an [R system, in con-

trast, considers semi-structured data, as illustrated in Figure .3. With an [R system, such a
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Lecturer *7m— Student

(Semi-)Structured Data

Data with no predefined data model.
Typically text heavy, with dates, numbers, ambiguities...

<document>

staffID (PK) (int) matric (PK) (int) <id>APW19980610.0909</id>

forename (varchar) forename (varchar) <title>Saving the endangered species</title>
surname (varchar) surname (varchar) <body>

phone (varchar) dateofbirth (date)

A NEWSPAPER report that the vast Endau-Rompin area
has fewer than five rhinoceroses from the 20 to 25
animals five years ago is a clear indication of the
increasing threat to Malaysian wildlife and their
habitats posed by the country's rapid development.
Thanks to the environment-conscious...

</body>

Structured Data

Consisting of relationships (primary/foreign keys), data
types... structured data is a highly organised source of
data. Such data sources are typically represented as a
relational database (RDB).

Hls (WA Examples of structured and (semi-)structured data. On the left is a struc-
tured schema, represented in compressed Chen notation (Chenl, 1976). Different data

types can be specified for each field, representing data in a structured way. On the right is an ex-
ample of semi-structured data, showing a document from a newswire collection. Note the semi-

structured component (containing an identifier and title), and the unstructured body text.

premise for structured data does not exist.8 Semi-structured data such as an HTMI] page
contains a series of elements (e.g. section headers represented within header elements such
as <h1>, <h2>, <h3> up to <h6>), but the text within these elements is largely of an unstruc-
tured nature. The unstructured data can contain information such as dates or entities (terms
describing a real-world object and/or location, such as canberra or dropbear, and can be
(as it is probably written in a natural language) ambiguous. Because of this, examining

unstructured data presents a major challenge to researchers.

Being able to effectively sift through large volumes of unstructured data led to the develop-

ment of retrieval systems. Consisting of a number of key components, the basic process of

a retrieval system — along with the inclusion of the juserg (or pearcherd) that utilise such sys-

tems — can be seen in Figure P.3. Core to the wider system is the of which

many experimentalf retrieval engines can be selected based upon experimentation require-

>This may be a slight misnomer; schemas can be used for an [R system index when considering fielded re-
trieval. For example, a collection of newspaper articles may contain a title and body — but within the fields,
the data is unstructured to the retrieval system.

6van Rijsbergen (197Y) defines a difference between operational and experimental [R systems. A majority
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Retrieval Engine

Indexing Process Index Returns a (ranked) list of Batch Queries

) ) ; documents, given an index, [« ;
Converting to an index Various data structures . 9 For system evaluation
retrieval model and query

A

DOCID SCORE
APW19981209.1755 0.85

] APW19981214.0968 0.83
Document Corpus Retrieval Model NYT19990719.0349 0.55 Judgements
Collection of documents Scores documents XIE19960305.0247 0.42 Created by assessors
XIE19960919.0302

239 ‘Aousidiye ‘burjuey
uollenjeAy papis-walsAs

A 4

Information Need Query/Queries Interface/SERP

What to search for Information need in term(s) Gengration of a Search
O Engine Results Page (SERP)

LN to display matching results

A 4

Interaction
Clicking Jjnk‘examining.._

219 ‘Uoiejuasald ‘uoildelaU|
uollen(eA papis-Jasn

Searchers
With an information need,
seeking to satisfy said need

The core components of a retrieval system, including the key processes that we
discuss in this chapter, highlighted by blue boxes. Central to the discussion in this chapter is the
delineation between system-sided and user-sided evaluation, with both clearly separated in this
figure by the dashed line. On the top, system-sided aspects include the retrieval engine, retrieval
model and index. Below, user-sided aspects include the interface, interactions that take place with

said interface, and constructs such as the searcher's information need and derived query/queries.

ments and existing infrastructure available. Examples include Elasticsearch, Lemur/Indri,
Lucene for IR (including derived projects such as Apache Solr), Okapi, the Terrier IR platform,

Wumpus and Zettair. Common to all systems are three key inputs, which are:

= an of documents, a specially crafted data structure used for the fast lookup of

documents derived from a source collection, or corpus;

v a NEUEEIRNGIEN that scores and identifies documents that may constitute as rele-

vant to what is being searched for; and

of individuals will only ever interact with an operational system (such as Google). The work in this thesis
however focuses more on experimental [R systems, and the methodology employed to compare different
experimental retrieval systems against each other.
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= a the construct that represents a given information need by a searcher — or one

of several queries issued in a batch environment.

The retrieval engine combines these inputs to yield an output. This is a ranked list of doc-
umentsH that the retrieval model concludes to be relevant to the given query. This is often
called the matching process. The retrieval model is responsible for performing the matching
of documents from an index. This index typically constitutes a number of different data
structures that are generated through the indexing process, where a source document cor-
pus is traversed. As highlighted by the blue boxes in Figure .3, we discuss the indexing
process and various retrieval models in this chapter, explained in Sections 2.2.1 and 2.2.2

respectively. These components are all considered as BIRENESELN aspects of the wider

retrieval system, with evaluation of system-sided aspects concerning the quality of returned

rankings, how efficient the retrieval engine is, etc.

However, the system-sided aspects only tell part of the story. We build retrieval systems

to help searchers satisfy their information need — and hence the study of [nferactive Inforq

mation Retrieval (IIR) is devoted to considering the interactions between the searcher and

retrieval system. While we discuss more aspects later on in this chapter (Sec-

tion 2.3), searchers, given an information need, will issue one or more queries, and interact

with the presented interface (Ingwersen and Jarvelin, 2005), or Search Engine Results Pagd

[SERP) (refer to Section P.3.2.1)). Their ultimate goal is to satisfy their said information need.
User-sided evaluation is also considered extensively in this thesis. Examples include the ex-
amination of the many different interactions that take place, and how the presentation of

results affects search behaviours.

Before discussing the user-sided aspects of search, we turn our attention to the system-sided
components of the wider retrieval system, considering the indexing process and various

retrieval models that are commonly employed.

"Depending upon the retrieval model used, ranking may or may not occur — refer to Section 2.2 for more
information.
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pA M The Indexing Process

Indexing takes into account the conversion of a collection of documents (or corpus) into
a data structure that facilitates fast, full-text search — a key requirement of any retrieval
system. Full-text search is typically undertaken in milliseconds, with the goal of finding
documents that will be relevant to a given query (and thus information need). The addi-
tional storage space and management requirements to maintain an index of documents are

considered to be a necessary tradeoff to guarantee timely responses to a searcher’s query.

As illustrated in Figure P.4, the indexing process can be split into three main steps:

@ gathering the corpus of documents to be indexed;
@ performing pre-indexing data preparation; and

€© creating the various data structures that constitute an index.

Experimental corpora are available for use with batch experimentation, typically from var-
ious evaluation forums, as discussed in Section P.3.1.1. For operational retrieval systems,
data is collated by other means. For example, web retrieval systems employ a web crawler to
examine pages on the WWW, and accumulates additional content by following the WWW’g
hyperlink structure. Google’s crawler, Googlebot, regularly crawls high impact websites to

ensure that the associated index is continually refreshed with up to date information.

An index will contain an entry for each processed document, along with a vector of terms
that are present within the said document. This is known as the direct indexl. However,
a retrieval system needs to support fast full-text search, matching terms from a searcher’s
query to one or more documents within the index. To support faster query matching, the
most simplistic approach is to simply invert the index, such that the lookup of the index

then corresponds to individual terms, not individual documents. A vector of documents can

8The direct index is sometimes referred to as a forward index.
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(1Y Corpus| (2] indesing Proces: | (5 inverted ndex

Collection of documents to index Removal of stopwords, etc. Promotes fast, full-text search
D3 tokenise the text
Glasgow Split up individual terms the D1,D2
University of University of Caledonian remove the stopwords . gIa;govy D1,D3
Glasgow is Strathclyde is University university D1,D2,D3
the fourth a public (informally IREMUE EETCN) TS research D2
oldest research GCU or fourth D1

apply porter stemming
Stem terms to their “base”

university... university...

caledonian D3

Caledonian)...

o2

(((J

Hle[EWPRN An illustration of the main steps to produce an inverted index, using a source doc-
ument collection of three documents as an example. Depending upon the requirements of the |R

system, the indexing process may vary; all classical R systems however rely on an inverted index.

then be provided for each term, yielding much faster access to a potential list of documents.
An example of an inverted index is provided at step €) in Figure 4. The source corpus in
this example illustration consists of three documents, with the resultant index shown. The

set of documents retrieved can then be sent to a retrieval model for ranking,.

Before a document is indexed, a number of pre-indexing steps take place. Three of the most

common processes involved include tokenisation, stopword removal and stemming.

Tokenisation is the process of parsing a source document and splitting the data within the
document into a number of individual tokens that may be subsequently indexed. A token

is a sequence of grouped characters that provide some semantic meaning.

While we do not go into greater detail about the process of tokenisation, there are many
challenges to this process — such as word boundary ambiguity. While parsing an English or
Latin-based document may be relatively straightforward (with spaces representing word
boundaries), other language structures (such as JXi& (Chinese), HAEE (Japanese), 2t=0
(Korean), or swilve (Thai)) could present an issue. Considering what words a potential
searcher of a retrieval system may use to search with may be a potential pathway for finding

a solution to this problem.
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vl Stopword Removal

Stopword removal is another popular choice for indexing document collections for use in an
experimental [R system. Illustrated in Figure 2.4, extremely common words which would
appear to have little value in selecting documents matching a searcher’s query (that is, non-
discriminative words) can simply be removed from a document’s vocabulary entirely. Ex-
amples of such stopwords could be the, a, or did, or even a complete phrase from the famous
soliloquy of William Shakespeare’s Hamlet: “to be or not to be”. Some experiments consider
a small list of stopwords, while others consider a larger list. Larger lists often significantly
reduce the size of an indexed corpus (Manning et all, 2008). Indeed, it was argued by Fox

(1992) that larger lists “are advisable”.

While stopword lists may be manually crafted under particular scenarios, automatic ex-
traction from a document corpus is perhaps a more common practice. A simple approach
would be to count the term frequency for each term within a corpus and sort the resultant
list in descending order, selecting some top k of the most frequently occurring terms. Read-
ily available lists are also available. van Rijsbergen (1979) for example produced a list of
250 terms, with Francis and Kucera (1985) demonstrating a list of 425 stopwords from the
Brown corpus?. For the experiments detailed in this thesis, Fox’s classical stopword list (FoX,
1992) is used, consisting of 421 terms. Such an approach may be considered acceptable, but

stopwords lists do vary from collection to collection, as stated by Lo et al! (2005).

Issues of course also exist with the removal of stopwords. Removing stopwords from a
query may decrease processing time, but what if all terms within a query are stopwords,
like the aforementioned soliloquy? The resultant query passed to the retrieval engine could
contain zero terms! As such, commercial retrieval systems are less likely to employ stopword
removal during the indexing process to counter such an occurrence (Manning et al!, 2008;

Dolamic and Savoy, 2010). Rather, stopword removal may be undertaken on issued queries

9The Brown corpus was a collection of documents representing (then) contemporary American English,
compiled by William Francis and Henry Kucera — refer to [Francis and Kucera (1979) for more information.
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instead (Croft et all, 2009). Techniques such as compression may be used to reduce the
size of the index. Queries such as *to be or not to be' may contain some semantic

meaning. Like tokenisation, there is often more to this problem than initially meets the eye.

Another common pre-indexing process is stemming. This is the process of reducing inflected
— or sometimes derived — words from their word stem, base or root. For example, given the
terms fisher, fished and fishing, reducing each of these terms to their respective word
stem would result in fish. Essentially, stemming allows one to group words together with
a similar semantical meaning. This provides the advantage of reducing the size of an index,
with fewer terms to index. A further benefit may be the potential increase in the number
of possible matches that can be found with a stemmed set of query terms, increasing the

retrieval system’s recall (refer to Section 2.4.1.7).

The concept of stemming has been studied since the 1960s, with the Porter stemmer (Porter,
1980) emerging over time as empirically the most effective — especially for smaller docu-
ment collections.l Comprised of a series of linguistic rules, the measure of a word can be

considered as:

“loosely checking the number of syllables to see whether a word is long enough that it is

reasonable to regard the matching portion of a rule as a suffix rather than as part of the

stem of the word.” (Manning et al}, 2008)

Porter stemming is utilised in the indexing process for the work reported in this thesis;
other stemmers do exist, with examples including the original single pass stemmer devised

by Loving (1968), and the Krovetz stemmer (Krovetz, 1993).

10The Porter stemming algorithm is not provided in this thesis; refer to Porter (1980) for an in-depth expla-
nation of the algorithm.
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Issues such as overstemming can impact upon a retrieval system’s performance. Here, terms
are reduced so far back to the point that meaning is lost, thus negatively affecting the re-
sults returned. Terms like universe, university and universal when stemmed will be
reduced to univers. While the three original terms may be etymologically linked, their
modern meanings are however very different. When stemming is applied, documents con-
taining both universe and university will be returned. While we do not go into depth
into the solutions to this problem, two potential workarounds consider: the lemmatisation of
terms (Manning et all, 2008); and the n-gram context of a term, allowing the retrieval system
to select the correct meaning (McNamee, 2006). Like stopword removal, stemming is also

often applied on issued queries (Crott et al}, 2009).

2.2.2 LR EIR G ES

Given a generated document index and a searcher’s query, the next part of the process is
retrieval (or matching). For this, a number of mathematically-based retrieval models have
been developed over the years that attempt to operationalise the notion of relevance. These
models provide us with a means for discussion and further refinement. They also provide
us with the blueprint from which we operationalise a retrieval system (Hiemstra, 2009). The

usefulness of such a model can be subsequently tested via experimentation and evaluation.

Several different types of retrieval model have been defined, ranging from the relatively
simplistic to the more complex. More complex approaches not only define a notion of what
documents would be considered relevant, but also to what degree that is so. This section

considers three main retrieval model families, including;:

= the boolean model;
» the vector space model; and

= probabilistic models.
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This summary is not exhaustive. A further approach could be a language model that consid-
ers a probability distribution over a sequence of words (and thus is probabilistic) (Manning
et al], 2008). A more contemporary ranking approach would be neural [R models. Here,
neural networks are used to rank documents in relation to a searcher’s query (Mitra and
Craswell, 2017). These other approaches are not discussed here. Instead, this section pro-
vides a broad overview of models used in this thesis, discussing the benefits and disadvan-
tages of each. We focus the discussion of each retrieval model on how they can potentially

influence stopping behaviours.

2.2.2.1 R LIEELRY L =)

Cited as the first formally defined [R retrieval model, the boolean model is also the most
likely one to be criticised (Hiemstra, 2009). The model employs operators of mathemati-
cal logic as defined by George Boole (Boole, 1847), or set theory. Boole defined three basic
operators: AND, yielding a logical product between two sets; OR, yielding the logical sum

between two sets; and NOT, yielding the logical difference.

By considering an individual query term and an unambiguous set of documents, logical op-
erations can be applied to retrieve a set of documents. For example, the query term glasgow
will yield a set of all documents containing the term glasgow, yet the query NOT glasgow
will retrieve the set of documents that do not contain any mention of the term glasgow.
Results of applying logical operators between different sets can be illustrated through a
Venn diagram, where each set of documents is represented as a disc. Figure 2.5 provides an

example of such diagrams, using glasgow university computing as an example.

Despite its relative simplicity, there are major limitations to the exact match approach. First,
when considering the boolean query, there is no notion of term importance — every term
has equal weighting. Issuing a query utilising rules of logic also appears as an unnatural

representation of the searcher’s information need. Indeed, as an information need becomes
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glasgow ‘ glasgow glasgow

2\ "\ A

glasgow AND computing glasgow OR university (glasgow AND university)
OR computing

Fl[NEWRN An example illustration of the boolean retrieval model, using the query terms
glasgow, university and computing. Each coloured disc represents the set of documents
containing that particular term. In the figure, three Venn diagram examples are provided, demon-

strating the key logical operators AND and OR.

more complex, the corresponding boolean query can grow to be disproportionately large
and cumbersome. As documents either belong to a set or not, a document is considered to
be either relevant (TRUE) or not (FALSE). As such, one cannot estimate the degree of how
relevant a document may be to the searcher’s query. Results therefore are provided to the

searcher in an unranked manner.

Returning an unranked set of documents would appear as an alien concept to users of con-
temporary retrieval systems — one would assume that the document presented first would
be the document considered to have the greatest relevance, as per the underlying retrieval
model. This would make it difficult for a searcher to obtain some notion of how many
results he or she should examine before stopping. This is because no ranking means all

returned documents are of equal importance.

Instead, a searcher utilising a boolean retrieval system will often find an initial exploratory
query will return a large set of documents — too many to examine each in sufficient detail.
Rather, what a searcher will likely do is gradually reformulate their query in an iterative
manner (Koch et al], 2009) - like in the illustration below — until the document set returned is

of a manageable size to process. This is an inherently different kind of stopping behaviour
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from the examples provided thus far in this thesis which assumes documents are presented

in a ranked list, with some notion of a depth at which a searcher would stop.

glasgow OR university OR computing glasgow OR computing glasgow AND computing
n=500 - n=50

Despite not being required in contemporary retrieval systems, many systems still do pro-
vide support for crafting a boolean query for when returning a good set of results is difficult.
Boolean queries may also be of use where ambiguity exists within a searcher’s query, and
clarification is required to eliminate a set of non-relevant documents (i.e. perhaps using a
boolean operator to return a more focused set of results). Indeed, boolean queries still find
considerable traction in professional search systems, such as patent search. Here, missing

an existing, relevant patent may be incredibly costly — here, recall is preferred over precision,

as discussed in Sections £.4.1.2 and P.4.1.7] respectively.

vyl \/ector Space Model

Further families of retrieval model were later developed to counter the issues and criticisms
of boolean retrieval. (1957) hypothesised that a searcher should prepare a document
that is similar to the documents being sought after. By comparing documents against this
representative document, a retrieval system could then begin to deduce what other docu-

ments would be useful, and by what margin.

The vector space model proposed by Salton et al! (1975) incorporates the principles as out-

lined by (1957). These basic principles are operationalised by representing queries
and documents within Euclidean geometry, where both are represented as vectors in multi-
dimensional space. The notion of how close documents appear to each other therefore de-

notes the relevance of a document.
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retrieval effectiveness (Croft et all, 2009). Fur- 7

4

The vector space model has been very popular ) glasgow
as it provides an intuitive means for addressing q e
/
4
the overarching problem of a retrieval system. ; d
1 |
It can also incorporate methods such as term ! :
1 1
weighting, which has been shown to improve I 0 : )
: i computing
|
1
|
1

thermore, as queries and terms are represented
in Euclidean space, vector similarity methods university

can be employed to determine relevance. While =X - illustration of the vector
many approaches have been trialled, empiri-

space model in Euclidean space, with each
cal evidence has favoured cosine similarity (Croft term representing a dimension. Here, the
et al], 2009). This is illustrated in Figure 2.6. Us- cosine similarity between query g and doc-
ing such an approach allows one to then com- ument d is shown.

pute the degrees of relevance, meaning that matched documents can be returned in a ranked

order. Provision of a ranking then gives cues to searchers interacting with the results list to

form an idea of the depth at which examination should stop. However, at what threshold

should a searcher stop? As we highlight in the following section, the [Probability Ranking

Principle (PRP) (Robertson, 1977) suggests that such a threshold does exist. If the proba-

bility of a document being relevant is greater than the probability of it being non-relevant,
a searcher should look at it. Once the probability of a document being non-relevant out-
weighs the probability of it being relevant, the PRI indicates that a searcher shouldn’t in-
vest time examining it. What value this threshold should be is open to interpretation, and

will vary from searcher to searcher.

In order to understand the basic workings of the vector space approach, let us consider a
query, Q, with each of its constituent terms placed within a term vector in t-dimensional
space, leading to Q = (41,492,493, ---,4it). Consider also a document, D;, with terms from
the document again represented in t-dimensional space, yielding D; = (di1,dip, di3, . . ., djt).

From this notation, d;; represents the term frequency (TF) of term j appearing in document i.
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With each term represented as a separate dimension within Euclidean space, a weighting
scheme can be subsequently applied to emphasise or understate more discriminative or less
discriminative terms respectively. By applying weighting schemes, the vector space model
ranks documents which promote terms that are more discriminative, thus improving the

quality of the returned ranked list.

Term frequency is one of many different term weighting schemes that have been trialled
over the years in [R research. A widely used schemes is inverse document frequency (IDF),
proposed by 5parck Joned (1972). In the words of its creator, IDF allows for one to de-
fine the specificity of a term as “an inverse function of the number of documents in which it
occurs.” (Sparck Jones, 1972). This is useful, as non-discriminative terms that occur fre-
quently within an index (e.g. the) would have a small weighting applied, with the inverse

happening for more discriminative terms that are better able to return a document.

TF and IDF are typically combined together as a measure of both term appearance and
importance, under an approach called TF-IDF. For a given term k, one can calculate a TF-

IDF score with the following equation:

tfik-idfe = f ogn—. Equation 2.1

Above, f; is the frequency of term k, N is the number of documents in the collection used,

and ny, is the number of documents in which term k appears at least once.

pXr R Probabilistic Models

Like the vector space model, probabilistic retrieval models estimate the likelihood of a

document being relevant to a given query. One of the most well-known ranking princi-

ples, named as the [Probability Ranking Principle (PRP) in the previous section, was defined

by Coopert (1971) and Robertson| (1977).
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“If a reference retrieval system’s response to each request is ranking of the documents in
the collections in order of decreasing probability of usefulness to the user who submitted
the request, where the probabilities are estimated as accurately as possible on the basis
of whatever data has been made available to the system for this purpose, then the overall

effectiveness of the system to its users will be the best that is obtainable on the basis of

that data.” (1977)

Essentially, this states that documents that are considered more likely to be relevant than
non-relevant should be retrieved — or where P(R|D) > P(R|D). This also implies a cutoff
point exists, where probabilities fall below some threshold. While the PR lays much of the
foundation from which probabilistic models have been derived, it does not provide its own

concrete implementation of such a model.

A simple approach that implements the PRI is the Binary Independence Model (BIM). Simple
assumptions that make the implementation of the PR straightforward are employed. As
the name of the model suggests, one such assumption is the notion of binary relevance in
term vectors for a given document (i.e. a term either exists in a document or not). A second
assumption is that terms are modelled as occurring in documents independently, with no

association between terms (represented as a bag of words) (Manning et al), 2008).

With the BIM originally designed for documents fairly consistent in length, contemporary
corpora have a large variance in term frequencies and document lengths. Okapi BM25
presented by Robertson et al! (1995) was devised as a way of building a probabilistic re-
trieval model that combined term frequencies, inverse document frequencies and docu-
ment lengths (of a document and the average document lengths of documents within a
corpus) (Jones et al), 2000). BM25 has had considerable impact upon the [R community,
and is still used extensively today. BM25 provides a solid baseline for contemporary re-
search and is the retrieval model employed in the experimentation discussed in this thesis,

primarily selected for its effectiveness and popularity.
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For a given query Q containing keywords g1, - -, g,, the BM25 score of a document D is

defined as:

By , f(qi,D) - (k1 +1) )

avgdl

where f(g;, D) represents g;’s term frequency within document D, |D| is the length of doc-
ument D (represented by the number of terms), and avgd! is the average document length

in the corpus of documents used. f and k; are free parameters, usually set to § = 0.75

and k; = 1.2 Refer to Robertson and Zaragoza (2009) for a more thorough review of

probabilistic models — and of BM25 in particular.

Like the vector space model, retrieval models implementing the PRH ranks documents with
respect to the issued query. Therefore, these models provide searchers with a gauge as to
how relevant a document can be. They intrinsically provide a cue as to the depth at which

a searcher should stop (when documents are ordered by decreasing relevance).

pAcl From System to Searcher

So far in this chapter, we have provided a background on several aspects in the field of [R.

These developments are focused exclusively on the system. Recall however that the purpose

of a retrieval system is to satisfy the information needs of the fearcher] (or juser) using it.

Satisfying this information need is key to any successful retrieval system.

In this section, we discuss a line of research that moves from considering the system to

a more extensive examination of the searcher, and his or her interactions with a retrieval

system. This is examined in the study of [nferactive Information Retfrieval (IIR). However,

before discussing the [IR process, we must first consider in more detail the paradigms that

1 The values of § and k; reported here are the values used throughout experimentation presented in this
thesis.
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have been extensively used in traditional, system-sided [R research. These paradigms have
been one of the cornerstones of [R's scientific methodology for many decades, and are
mostly considered to be naive of a searcher’s behaviour. After discussing these paradigms,
we then move to our discussion of [IR, emphasising the spectrum of research between the
system-sided ([R) and user-sided ([IR) extremes. This then leads onto the concept of searcher

models that attempt to capture the high-level, cognitive processes that searchers undertake.

PACI I Experimental Paradigms

The methodology behind the majority of classical [R research has focused on the Cranfield

paradigm. Developed at Cranfield University in Bedfordshire, England, the experimental

paradigm is based upon the Cranfield II experiments (Cleverdon et al), 1966). The goal of

these experiments was to create:

“a laboratory type situation where, freed as far as possible from the contamination of

operational variables, the performance of index languages could be considered in isola-

tion.” Cleverdon (1991)

The experimental paradigm required the same set of documents, and the same set of in-
formation needs to be used for each language, and the use of common [R measures, pre-
cision and recall (refer to Sections £.4.1.1] and 2.4.1.7 respectively) to be used to measure a
given retrieval system’s . Core to these experiments was also the notion of

a RESALIEIGLLE, itself consisting of three key components:

» the corpus (collection of documents) to be used;

= the statements of different information needs hereafter referred to as ; and

» a set of BEEEWLNILINEREN — a list of documents considered relevant that should

be retrieved by the retrieval system for each topic trialled.
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Given these three components, the Cranfield experiments made a number of major simpli-
fying assumptions, as outlined by Voorhees (2002). The first considers the notion of topical
similarity, by which their relevance is approximated. In short, all relevant documents are
equally desirable, and the relevance of one given document is independent of the relevance
of any other document. This also leads to the notion of a static information need. Under Cran-
tield, there is assumed to be no change during the search process for what the searcher is
searching. Additionally, the single set of relevance judgements provided as part of the test
collection is to be considered to be representative of an entire population. This means that for
a given topic, every searcher will seek to find the same set of relevant documents. Finally,
the list of relevant documents for a given topic is assumed to be total and complete, i.e. all

documents relevant to a topic have been identified and are listed.

2R The Text REtrieval Conference

A number of different evaluation forums have been derived from the Cranfield experimental
paradigm, utilising many of the implicit assumptions. These forums promote the devel-
opment of [R as a field, fostering a drive to develop improvements in the various retrieval
models and other retrieval system components. Examples of evaluation forums include
NTCIR (Kando et all, 1999), CLEF (Peters and Braschler, 2001) and INEX (Fuhr and Lalmas,

2006). However, one of the most well-known evaluation forums is the U.S. Government

funded, NIST| sponsored [Text REtrieval Conference (TREC) (Harman, 1993). Experimenta-
tion following the [RE( approach is hereafter referred to as BINI&HIIEN in this thesis.

TREQ provides a platform for annual collaboration between research groups interested in
different aspects of [R research. Each year, a series of [RE(Q tracks are defined, with each
consisting of a test collection, in turn consisting of the three components defined above.
Within each track is a set of tasks. Some of the tasks, such as those belonging to the [REQ
Interactive Track (Over, 2001)), are known as . This type of task can be considered as

one of the most obvious for search, where a searcher, perhaps through curiosity, develops

42



2.3 From System to Searcher

an information need in an ad-hoc fashion. They then begin the search process by issuing

an exploratory query to a retrieval system.

These tasks are used in conjunction with the relevance judgements provided by assessors.
Assessors are usually employees of NIST (Robertson|, 2008), who were in turn previously
employed as news analysts by various U.S. security agencies. A series of documents are ex-
tracted from the document collection using a simple query (a process called pooling). Due
to the potentially large size of document collections, pooling is an acceptable solution to re-
ducing the number of documents to be examined. As an example, given the topic wildlife ex-
tinction, the query *wildlife extinction’ isissued over a number of different retrieval

systems. Documents returned are pooled together and then judged by the assessors.

For many [TRE( tracks, judgements are binary, with @ denoting non-relevance, and 1 de-
noting relevance. Graded relevance judgements can also be used — the initial Cranfield II
experiments, for example, used a five-point relevance scale (Voorhees, 2002). Pooling can
mean that documents that are potentially relevant can be missed by assessors, and thus will

receive no judgement (Keenan et all, 2001).

Institutions wishing to participate in a track receive the associated test collection and tasks.
They then index the corpus and run their experimental retrieval system over the provided
material. Experiments are typically run over 25-50 different topics (Voorhees, 2002), with
a solitary query issued for each (the topic’s title). These are typically executed in a batch
environment, with a large number of results (typically 1,000) returned from the retrieval
engine. Output from the experiments is then produced in a standardised format. Results
can then be used in conjunction with the judgements (termed Query RElevance Judgements, or
), and fed into a standardised program called trec_evall2 to perform an evalua-
tion of the runs that have been undertaken. The application returns the values for a number

of common system-sided evaluation measures, some of which are discussed in Section 2.4.1].

12trec_eval is downloadable from http://trec.nist.gov/trec_eval/ LA 2018-03-08 . Version
8.1 of the software was used for computing most of the evaluation measures reported in this thesis.
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Reached

Y

.—> Issue Query

Examine Item ‘ rank k?

A

No

H WA The searcher model. Considering a highly abstracted searcher, a query is issued

(Issue Query), with each individual result examined in a linear order (Examine Item), up to some
depth k (typically 1,000), before the searcher stops. All documents up to rank k are assessed; no

documents are skipped during this process.

pACRWA The TREC Searcher Model

Given the assumptions of the Cranfield paradigm and subsequent evaluation forums such
as [RECQ, one may be forgiven for thinking that the searcher — the target audience of any
retrieval system — has been completely ignored from the process. While it is true that the
paradigm focuses primarily on system-sided evaluation of retrieval systems, a searcher is
considered —just in a highly abstracted form. The assumption that a searcher’s information
does not vary as they search is just one example of an abstraction from reality — a searcher’s

information need is dynamic and typically evolves as they search (Borlund, 2003).

The basic searcher model employed by a[ [REQ-style experiment is illustrated as a flowchart
in Figure 2.7 Given the batch-style nature of [RE(-style experimentation, this particular
searcher model is well suited to such an environment, as the simplifying assumptions and
complete lack of interaction from the searcher go hand in hand with the design goals of the
initial Cranfield II experiments. When subscribing to this model, a searcher, given an in-
formation need (or topic), will issue a single query pertaining to the said information need.
This query is simply the topic’s title (e.g. wildlife extinction). From there, the searcher
will then examine each individual document in a linear fashion. This process continues un-
til some rank k, at which point the searcher will cease and the search process ends. This rank
k is typically set to 1,000 to provide evaluation programs such as trec_eval with a large a

set of rankings as possible for the various evaluation measures to be computed accurately.
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With this highly abstracted searcher model being agonistic of the complex interactions that
take place during search, a number of different criticisms can be made. Below, we enumer-

ate on three primary criticisms that have been discussed in the literature.

o AL CRONEYA The [REQ searcher model assumes that a single query is issued for a

given information need. This severely limits the potential for interaction between the
searcher and retrieval system — a single query means no query reformulation is possible,

for example. In reality, searchers do reformulate queries, issuing multiple queries

during a search session (Keskustalo et all, 2009).

o LS ERIVCE RPN Searchers subscribing to this searcher model will always

examine documents up to a depth of k. This assumes a fixed-depth stopping strategy,

where searchers are agnostic of the results as presented to them. In reality, searchers
adapt their stopping depths dependent upon a variety of different factors, such as the

number of non-relevant items uncovered thus far (Coopert, 1973b).

o RAUNSLTEI EOIEE R LTSN The final key, limiting assumption in the [RE( searcher

model is that all documents to depth k are assessed. In reality, searchers may skim

through results, or simply decide that a document does not look to be promising, and
thus skip it. In the [RE{ searcher model, there is no concept of a result summary, a
shorthand overview of the contents of the document. Result summaries are typically

expected to be part of the interface of a contemporary retrieval system.

Over time, researchers have begun to examine ways in which to improve upon the ba-

sic, rigid assumptions laid out by this searcher model. For example, Smucker and Clarke

(2012) introduced time-biased gain, where probabilities of interacting with documents were

included. Work by [Iran et al! (2017) considered the [RE({ searcher model from the stand-

point of a Markov model. As such, this representation of the search process was comple-
mented with a series of different transition probabilities, dictating the likelihood of a searcher

switching from one state to another.
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These works can be considered as a means of including the complex interactions that take
place between the searcher and retrieval system within a searcher model, or consideration

of the wider [IR process.

pIcWA Interactive Information Retrieval

The study of [nteractive Information Refrieval (IIK) attempts to address our lack of under-

standing of a searcher’s behaviours and interactions, and incorporate new findings into the

evaluation of retrieval systems (Callan et al, 2007). [IR studies can include aspects from both

user-sided and system-sided research. For example, one might present the results of a user
study examining a particular phenomenon of a searcher’s behaviour, and also provide de-
tails of a system-sided evaluation. As discussed by (2009), [IR can trace its roots back

to a variety of different disciplines, including: traditional [R (i.e. exclusively system-sided

research); library and information sciences; psychology; and Human-Computer Intferactior]

(HCI). Typically presented as a branch of [R and/or HCI|, arguments also exist to consider
as a distinct area of research (Ruthven, 2008).

“In users are typically studied along with their interactions with systems and in-
formation. While classic [R studies abstract humans out of the evaluation model, [IR
focuses on users” behaviors [sic] and experiences — including physical, cognitive and
affective — and the interactions that occur between users and systems, and users and
information. In simple terms, classic [R evaluation asks the question, does this system

retrieve relevant documents? [IR evaluation asks the question, can people use this sys-

tem to retrieve relevant documents?” Kelly (2009)

To address the question of whether people can use a retrieval system, we begin by examining
the wider [[IR process. Figure £.3 on page 27 considered a number of user-focused aspects,
as illustrated in Figure P.§. Given some phenomenon in the natural world (perhaps by ob-

servation, reading a book, or through conversation with another human), a searcher will
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L WX:N The basics of the JIR process, complete with a number of different searcher inter-
actions (as Bulfellifs]i=:W) that can take place (although this illustration may not be exhaustive).

Forming an information need, searchers then begin the interaction process by issuing a query, be-

fore examining content presented on the SERA. At given points, searchers may then stop.

then begin to formulate an information need. As discussed previously in this thesis, this
information need can arise from a knowledge gap in the searcher’s mind, an internal incon-
sistency in what they are experiencing, or a conflict of evidence. In an Anomalous State of
Knowledge (ASK) (Belkin, 1980), the searcher will then begin the [IR process, with the aim of

satisfying their (perhaps vague) information need.

Upon bringing up the interface of a retrieval system, the searcher begins their so-called
which begins with the formulation of the information need as a query.
Once the query has been submitted, a complex series of begin to take place
between the system and the searcher, with these interactions being of great importance to

those studying [IR. Results will be retrieved by the underlying retrieval system and pre-

sented to the searcher in the form of a [Search Engine Results Page (SERP). While we discuss

the m in more detail in Section £.3.2.7], it should be noted that a majority of the inter-

actions that take place occur on the FERD.

However, interactions may be dependent upon the searcher’s intent — that is, what they are

aiming to achieve through the satisfaction of their information need. Three intents typi-
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cally used are navigational, transactional and informational (Jansen et al), 2008). Navigational

intents for example simply refer to the notion of using a retrieval system to navigate the

searcher to some [Uniform Resource Locafor (URL). This means that the searcher will simply

need to click the link to satisfy their information need.3

Informational intents will undoubtedly require a greater degree of interaction with the re-
trieval system.I2 For example, searchers will begin to examine the content on the BERD,
inspecting individual summaries for potential relevance to their information need. At each
stage, the searcher is continually learning, and thus the interaction cycle may prompt the
searcher, for example, to provide a query reformulation as they begin to develop their under-
lying mental model of the topic. A revised BERI] may then begin to yield more promising
results. As the searcher examines these updated results, he or she may find that a partic-
ular summary is deemed sufficiently to investigate further, and thus clicks on
the provided link. Taking the searcher to the corresponding document, the searcher can
then examine the document in more detail, and make a decision as to its relevance. If not
satisfied, the searcher may navigate back to the FERI], and continue their examination of
further results. At some point, the searcher will make a decision to E5{JsN their interactions
— either within a given SERD, or the search session as a whole (both are illustrated in Fig-
ure [.§ with stop signs). Stopping may occur for example if a searcher has satisfied their
information need, has been frustrated with the retrieval system’s inability to return relevant
results (Coopet, 1973b)), or from a variety of different factors external to the search process,

such as time pressure.

While this example above may be highly abstract in nature, it clearly shows that the search
process is extremely complex and inherently interactive (Ingwersen and Jarvelin, 2005). Thus,
work in the field of [IR provides a basis for developing more complex, realistic models of

the search process, improving upon the [RE(-style searcher model.

13 A searcher intent analysis by Jansen et al] (2008) showed that approximately 10% of queries issued to web
retrieval systems were either navigational or transactional in nature.

4One could argue that an informational intent could now be satisfied through information cards presented on
contemporary web retrieval systems. Models and measures at present typically do not consider the presence
of these components.
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p AV The Search Engine Results Page

Core to the experience of a searcher when using a given retrieval system are the interactions
that take place on its BERPY. Figure P.9 depicts an example SERD of the fictional retrieval
system, Search.3 The illustration highlights several key BERT| components that are exten-
sively referred to in subsequent parts of this thesis. At the top of the SERPis the ,

which allows a searcher to enter (and reformulate) queries as and when they require.

The main body of the SERDP is then divided up into the left rail and right rail. Contempo-
rary SERP{ utilise the right rail to display additional components such as information cards
as illustrated in Figure 2.9, with contemporary SERP{ thus becoming more and more com-
plex in nature. We however in this thesis exclusively consider simplified SERPS without the

right rail, or GERPq comprised entirely of result summaries, as shown on the left of Figure 2.9.

These result summaries are typically displayed on a SERH as the ten blue links (Hearst, 2009),

or the first ten ranked results. The document that is judged to be most relevant — as defined
by the underlying retrieval model that ranks them —is displayed at the top of the ranked list.
These result summaries are short summaries of the corresponding document, and consist

of three main components:

« a R that represents the title, or headline, of a source document;

» one or more RIUEIRIBHISEN, providing a summary of the source document such

that searchers can determine whether it is worth examining the document in more

detail; and

. a for the document, typically an [URL if the object is WWW|-based.

Snippets are of particular interest to the work in this thesis; we explore the effect of their

length on stopping behaviours in Chapter []. Snippets are typically presented in contempo-

15 As highlighted in the front matter, we utilise Search throughout this thesis to illustrate various concepts.
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Se rc h Example Search Engine Results Page (SERP)
canberra australia

Canberra - Wikipedia '
https://en.wikipedia.org/wiki/Canberra Snippet Fragments

Canberra is the capital city of Australia. With a population of 403,468, it is Aus-
tralia's largest inland city and the eighth-largest city overall. The city is located...

2

= VisitCanberra; Canberra Holidays. Accommodation & Things...

E https://visitcanberra.com.au/ canbe"a .

¥l Discover things to do in Canberra with our guide. Experience culture at the Na- Capital of Australia

=) tional Portrait Gallery and the National Gallery of Australia, or visit the... Canberra is the capital city of

& Australia. With a population of
Canberra Airport | Arrivals, Departures, Lounges. Transport... 403,468, it is Australia’s larg-
https://www.canberraairport.com.au/ est inland city and the
Official website for Canberra Airport - The latest information on flights, parking, eighth-largest city overall.
transport and more. View live information on arrivals and departures. Wikipedia

Left Rail (Result Summaries)

Sl -WXN An example of a [Search Engine Results Page (SERP) for the query canberra
australia. illustrate the names of the key components of a SERPF. Of particular rel-

evance to the work in this thesis are the result summaries, shown on the left rail.

rary retrieval systems as query-biased (I'ombros and Sanderson, 1998). This means that the

snippet text relates to terms that were present in the searcher’s query. Figure .9 demon-
strates this with the use of bolded terms in example snippet text. This approach is alterna-
tive to the simple technique of displaying the first sentence or n characters from a document
as part of the result summary. Section [.1.4 on page [[95 provides more detail on how snip-

pet text is generated for result summaries.

pRCICE The IR/IIR Spectrum

In order to aptly describe where [IR fits into the system-sided and user-sided space,
(2009) provided an intuitive spectrum of work that bridges [R and [IR. Figure 2.10 illus-
trates the spectrum, consisting of eight different categories of study. Moving from left to
right in the illustration, categories shift from solely system-sided (IREU-style) studies to-
wards those that are more user-focused, considering a searcher’s behaviours when interact-
ing with a retrieval system. Below, we detail four key category types as outlined by

(2009) that have particular relevance to the work detailed in this thesis.
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© RLESSESILTER With a majority of traditional [R studies falling into this cate-

gory, [REC-style studies focus upon the development and evaluation of system-sided
research, such as retrieval models and indexing techniques. No real searchers are in-
cluded in the loop with this approach, although a simplistic, abstracted searcher model
is encoded, as previously discussed in Section P.3.1.2. While assessors do create rele-
vance judgements used for evaluation, they are not involved in the actual batch-style
search process. As such, interaction is assumed to be very simplistic, with a single

query issued, for example. This is illustrated in Figure 2.7 on page #4.

QU G VE TR LTSS TG A The second category of study does explicitly

consider a human in the loop, but only in exceptionally limited circumstances. As the
name of the category suggests, the humans that are employed for this category of
study are used only for generating relevance assessments, perhaps because a specific

corpus is used, and no pre-existing [[RE( relevance assessments are available.

O NLESNEEAERSIEN Studies belonging to this category typically are used to

evaluate a retrieval system and/or a feature of its user interface, where an experimen-
tal retrieval system is used. Typically, aspects such as searcher behaviours, their cog-
nition or the information seeking context are examined. These studies usually aim
to assist in aiding our understanding of the search process, and the development of
more intuitive and user-friendly search interfaces. Interaction is considered — search
sessions in this category of study permit searchers to issue multiple queries through
query reformulation and conduct a number of other interactions that studies closer to
the left of Figure 2.10 simply do not cater for. These studies are therefore more realistic,

and are thought to more accurately represent real-world searcher behaviours.

Moving to the right of the spectrum, the study of the searcher becomes ever more promi-

nent, until we reach the following category that considers the experiences of searchers.

(8] Information Seeking Behaviour in Context Studies JIRiNEEitEI Ret T 00 A EIa A AR
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Information seeking
TREC-style studies Filtering and SDI TREC interactive studies behaviour with IR systems

1 3 5 7
System Focused “Archetypical IR Study” User/Searcher Focused

2 4 6 8
“User” makes Log analysis Experimental Information seeking
relevance assessments information behaviour behaviour in context

Hle[EWARNOR The spectrum of conceptualising IR research. Methods on the left consider a more

system-focused approach, with those on the right considering a more user-focused approach.

The fifth step within the spectrum considering interactive studies is considered to be an
"archetypical IR study". Figure adapted from (2009), with support of the author.

searchers consider the information needs of individuals. Researchers would typically
observe how individuals conduct their searches, while at the same time collating qual-
itative data about their differing experiences. These data can then be used to motivate
iterations of the design and presentation of search results, thus improving the overall

experience for searchers.

The studies represented by (2009) as category @, called archetypical [[IR studies, are
the type of study that we largely consider in this thesis. Indeed, in subsequent chapters,

we consider a variety of different aspects that can influence the behaviour and performance
of searchers — particularly in relation to their stopping behaviours. This work is done in
combination with a series of experiments that can be considered to belong to category @.
By these experiments with data collected from studies in category @, we are
able to instantiate more realistic, credible abstractions of the search process which consider
some aspects of interaction. We achieve this by the behaviour of real-world

searchers to examine what happens to searcher behaviour in different contexts.

pcR:W The Simulation of Interaction

Simulation is defined as the imitation of the operation of a real-world process or system over

time (Banks et all, 1996). Such an approach allows one to gain insight into the functioning
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of some real-world phenomenon, such as the complex interactions that take place during
the [IR process. Computerised simulation (Heermann, 1990) has become more commonplace
today with increasing computational power allowing for the development of ever more
complex and realistic simulations. Simulation permits one to solve a large number of prob-
lems without resorting to a “bag of tricks” (Fishwick, 1995), where special purpose (and often
arcane) solutions must be used. Such an example would be a series of linear equations (Fish-
wick, 1995). With this closed-form approach, underlying assumptions can become twisted
and altered, drifting the representation further away from the real-world phenomenon that

is being modelled.

Simulation avoids such issues by providing one with the freedom and flexibility to reduce
the above assumptions. This permits a rapid means of exploring different scenarios, all at
a low cost. Additionally, without needing to consider issues such as subject fatigue (within
a user study, for example), simulation provides the capability of running experiments with

reproducible results (Azzopardi et all, 2011)).

Simulation has been employed extensively within classical [R experimentation.l8 TREC-
style experimentation may be considered as a form of simulation, where the simple searcher
model discussed in Section 2.3.1.7 is used to simulate the searcher’s interactions. We con-
sider in this thesis the simulation of interaction, where one attempts to mimic behaviours that
a searcher exhibits when interacting with a retrieval system (Azzopardi et al), 2011)). This
means that we can explore different searcher behaviours, methods and techniques to better
understand how searchers do, could, or are likely to behave. However, such simulations
are questionable and open to criticism if they are not properly motivated, grounded and
validated. Therefore, there is a pertinent need to ensure that such simulations are credi-
ble abstractions of the search process and that they are seeded with data based on actual

human interaction data (study category @, as per Section £.3.3) (Azzopardi et all, 2011).4

16For an in-depth discussion of various classical [R simulations, refer to FHeing (T98T).

17 An exception to this rule would be the exploration of what-if scenarios, allowing researchers to examine
what would happen to a searcher’s behaviour if a particular scenario were to be applied. One example of such
a study is that by [Azzopardi (2011). Indeed, we employ such an approach in contributory chapters of this
thesis, where we examine many what-if scenarios.
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Such grounding can, for example, permit stochastic simulations, working on the notion of the

probabilities of interaction (e.g. the probability of clicking on an attractive result summary).

Within the wider [IR process, a number of different individual components have been ex-

amined through the use of simulation. These have often been independently analysed from

one another (Azzopardi et all, 2011)), with examples of different components and associated

studies listed below.

n RONTEAZCl T E LT I [ BT [« ST, B8 This component considers querying, including

the generation of pseudo-realistic queries and the development of realistic querying

strategies, grounded upon the querying behaviours of real-world subjects. Examples

include: Azzopardi (2009); |Azzopardi et al| (2007); Carterette et all (2015); Jordan et al!
(2006); Keskustalo et all (2009); Hagen et al! (2015); and Verberne et all (2015).

o REETELRELEWGITER This broader component considers the wider behaviours of

searchers when examining content, including aspects such as click models, and dif-

ferent browsing strategies employed by searchers (e.g. can a searcher’s behaviour

be classified as fast and liberal, or slow and neutral? (Smucker, 2011)). In addition to

the work by Smucker (2011), examples include: Carterette et al! (2015); Chuklin et al!
(2015); Guo et al] (2009); and Paakkonen et al] (2015).

o BLERGHTERTCEENG R & LRI N This component examines how varying interaction

costs (i.e. the cost of issuing a query or examining a document, considered primar-

ily in terms of the amount of time required) and time constraints can influence the

behaviour of searchers. Examples include the economics-based approach outlined

by |Azzopardi (2011), and work by Baskaya et al] (2012).

o DA N EN A R RS M This area of work considers how, when differ-

ent aspects are changed, the performance of a searcher over a search session varies.

Examples include work by Luo et al] (2014) and Luo et al] (2015).
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Of particular relevance to this thesis is the work that has been undertaken to examine a
searcher’s B{eJolo I [s R EVICINE with examples including: Carterette et al! (2015); Maxwell

(2015a,b); and Thomas et al] (2014). In these works, different E5Le]olol{yle BRdE= L=l [
and BHGIIRRRIILIEN are proposed. These are considered in depth later in Chapter B.

Simulation provides a means for examining the aforementioned components from two dif-

ferent standpoints:

@ considering each of the individual ey UL ERNEHIEELIN, as discussed above (e.g.

exclusively examining querying behaviours); or

@ considering the interactive LIt RN, and attempting to capture and

model an entire search session, from querying to document examination.

The work in this thesis considers @), meaning that potential influences of components over
others can be considered. This also justifies the need for a more advanced
that captures the interactions of the wider search process. A model is a key component of
a simulation or the representation of the real-world phenomenon being simulated (Lochet,
1963). With the [REQ-style searcher model outlined, we now turn our attention to consid-

ering more advanced searcher models of the [IR process.

2.3.5 BRI E Y oY S

Models of the search process attempt to capture the high level, cognitive processes that a
searcher undertakes during a search session — such as issuing a query, or examining a doc-
ument for relevance. As we have discussed previously, highly abstracted searcher models
have been present in system-sided [R research, as well as implicitly encoded within a variety

of different evaluation measures, as discussed in Section [.4.

Carterette et al| (2011)) argues that the measures widely used within [R research are them-

selves typically comprised of three distinct underlying models. These are listed below.
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= RIS LERYLEIR Browsing models describe how a searcher interacts with a retrieval

system’s interface, including the SERPH that are presented to them.

o RRLIST VLT AYA TSI These models encode some form of document utility that

provides a description of how utility or gain can be derived from relevant documents

that are examined.

o PRI T E LR LEIN This final model describes how a searcher accumulates

the said utility over the course of an entire search session.

Of particular interest to the work in this thesis are the BgaVELIENGLEER that attempt to

capture the broad array of interactions that take place between the searcher and the retrieval
system. The [RE( searcher model is a highly abstracted example of such a model, yet
there is a disconnect between the assumptions made in this searcher model and reality.
As such, we now discuss a number of more advanced searcher models, providing better

representations of the complex interactions that take place during [[IR.

Seminal work undertaken by Baskaya et al! (2013) presented an explicit, revised searcher

model that improved upon the interactive capabilities that could be exploited. Improve-

ments over the [[REQ-style searcher model included the following:

» the ability to BHIEICIEOA I EREHTIE )N EEEN presented on a SERT from the doc-

uments associated with each;

= giving a searcher the ability to BS{JoRIEREELI NS RLRGER SN, avoiding fixed

depth stopping behaviours as typically employed in searcher models; and

» permitting a searcher to WESIEANTIEBIEIEGEEN during a search session, lifting one

of the major constraints of the [[RE( searcher model.

These improvements are demonstrated as a Markov model, illustrated in Figure P.T1. Com-
pared to the [REC-style searcher model illustrated in Figure .7 on page 4, the model can

be visually seen as more complex, consisting of six main actions.

56



2.3 From System to Searcher

Read a Document
Judge Document
Relevance

The searcher model, as outlined by Baskaya et al| (201 3). Represented as a Markov
model, the model considers six steps in all. Encoded within two of the steps are decision points that
a user following this model must consider in order to continue. Figure adapted from
(2013), with acknowledgement from the authors.

P=1
Formulate Que

a Snippet
()~

P<=1
Stop Session

P<=1

» NOUERALI L TEL] N considers where a searcher formulates the terms that they wish

to enter, as well as the issuance of the query to the underlying retrieval system.

ST concerns the action that considers the examination of individual

result summaries for attractiveness.

BN Q@48 occurs when a result summary is considered to be attractive enough

to warrant further examination.

Il @S ENENN considers the process of examining a document for rele-

vance to the underlying information need (considering some form of document utility

model (Carterette et all, 2011)), or document triage (Marshall and Shipman|, 1997)).

GEAELILRIT )W determines whether the document is relevant to the searcher’s

information need.

o IREEHELES G concerns the action that curtails the search session.

These steps broadly match up the [IR process as outlined in Figure £.§ on page 7, and de-
scribed in an abstract form in Section P.3.2. [Azzopardi (2011), [Yilmaz et al] (2010), Carterette

57



2.3 From System to Searcher

®

Issue Query >

Examine Snippet Attractive? Read Document

3

[\ey Continue
Examining

Stop
SERP? Session?

Relevant?

SR WPR The searcher model, as outlined by Baskaya et al| (201 3)). Adapted from the version
of the modelillustrated earlier in Figure R.11], this flowchart illustrates the main processes, decisions

and interaction flow that an individual subscribing to this model will follow.

(201T), and more recently Zhang et al] (2017b) have all introduced and utilised searcher

models that are similar in terms of the broad set of actions as outlined by Baskaya et al!

(2013). Being a Markov model, this searcher model considers each of the different actions
as a state, with a series of transition probabilities linking each of the actions together (i.e. what
is the probability of a searcher moving from scanning a result summary to stopping the search ses-

sion?). Indeed, the typical browsing model components (e.g. inspecting a document for

relevance) as per Carterette et al| (2011) are also integrated with query generation and utility

accumulation, permitting a searcher to issue multiple queries and gain utility.

Judging result summaries separately from associated documents is to be regarded as a ma-
jor development in searcher models. The snippet text forming part of each result summary
can be generated in a variety of different ways, as discussed earlier. This generation is im-
portant — what may look like a result summary that is attractive enough to explore further
could potentially lead to a document that is in actuality not pertinent to the given informa-
tion need. This is a clear development from the [REU-style searcher model which doesn’t

consider the notion of a separate result summary at all.

18This searcher model can also be represented as a flowchart, as illustrated in Figure Z.12.
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! A 4
Enticed by

Select System > Enter Query Choose position i summary i?

! Evaluate summary i

A A A

Change query

Decide
Change retrieval systemn otk

v Read (part of)

G document

MW R A further model of the search process, considering the high-level processes un-
dertaken by a searcher, as outlined by Thomas et al| (2014)). Figure adapted, with the support of

End session? End query?

the authors. Note here the inclusion of the overarching Select System process, where a searcher

will consider what retrieval system to use before beginning the |IR process.

Effectively modelling stopping behaviour is also important to provide a more realistic model
of the search process. The addition of decision points allowing a searcher to judge the at-

tractiveness of a result summary, or the relevancy of a document, provides natural locations

for BT eIl le [ (G WeleI[1 14 (refer to Section B.1.7)).

Given that this result summary looks unattractive and therefore not useful for satisfying

my information need, should I stop examining the results presented to me on this SERP?

As an example, a searcher may issue a query that returns very few relevant documents.
Once a few snippets and/or documents have been examined, he or she will then conclude

that the issued query was unsuccessful and that they would be wasting their time examining
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2.3 From System to Searcher

more content on the presented SERP,. In this case, issuing a reformulated query would be a
better course of action. This intuition has been confirmed by empirical analysis, where |Az-
zopardi (2011) for example demonstrated that simulated searchers examined significantly
fewer documents when the underlying retrieval system failed to retrieve any relevant ma-
terial in the top ten results, in contrast to when they did. This shows that searchers are
inherently adaptive with their behaviours conditioned upon the quality of the ranked lists.

This justifies the inclusion of these additional stopping decision points.

A further explicitly defined searcher model was proposed by Thomas et al| (2014). Ilus-
trated as a flowchart in Figure .13, this model encapsulates the same principles as the pre-
viously described searcher models: given an information need, a searcher will issue one
or more queries and examine a varying number of result summaries and documents for
attractiveness and relevance in turn. This searcher model also includes a form of utility
accumulation model that considers the utility obtained from a result summary s; and the
relevance judgement of a document, r;. An addition to this searcher model is the inclusion

of an additional step at the beginning of the search session, where a searcher must decide
what retrieval system to use — or {eI] R [Tedle] B

The searcher model proposed by 'homas et al! (2014) also considers the examination of
result summaries from an alternative perspective. Instead of assuming that a searcher (per-
haps naively) examines each individual result summary in detail before making a decision
about its attractiveness, searchers subscribing to this searcher model undertake an initial in-
spection of result summaries, where they can examine in either direction on the list of ranked
results (by increasing or decreasing some positional counter, 7). Essentially, this can be re-
garded as a searcher skimming result summaries, determining if they are worthy of further

examination, and adds an additional layer of complexity to the model.

Despite the slight variations in how different researchers interpret the process, what
can be clearly seen from an examination of these searchers models is the similar workflow

between each of them. From query issuance to document examination and judgement,
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this has emerged as the generally accepted process of [IR. While studies examining explicit
searcher models are not common, searcher models have been encoded within many of the
different evaluation measures used within [R and [IR. Moving onto the final section of this

background chapter, this is now the topic of our attention.

pV:8 Evaluation Measures

We now turn our attention towards the evaluation of both retrieval systems and the searchers
that use them. Careful and thorough evaluation of retrieval systems is required to demon-

strate the superior performance of new retrieval models or a new way of presenting of re-

sults, for example (Manning et all, 2008). Recalling that the modus operandi of a retrieval

system is to satisfy the information needs of the searchers who utilise it, Lancaster (1968)

provided three criteria by which an [[R system can be evaluated:

» the BHIMELIAA of a retrieval system in terms of the searcher’s specific tasks;

» the retrieval system’s REN G =gl g ERCRFIEEL A and

« the extent to which the retrieval system information needs.
These three criteria themselves may be split into two separate categories, considering:

» how well the system performs, utilising the first two criterion above; and

» how the system performs in the eyes of the who is using the retrieval system

at the time (Voorhees and Harman, 2005).

Measures for both system and user-focused evaluation are considered in this section, in

Subsections P.4.] and [.4.2 respectively.
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2.4 Evaluation Measures

(1L RAEITEWLNEENIIEEN The measures discussed in this section are only a subset of

the range that have been developed and trialled. This section focuses on measures used

throughout this thesis. For a more comprehensive summary, refer to Sanderson (2010).

pR:M M System-Based Evaluation

Considering system-orientated measures of evaluation, one can consider a system’s effi-
ciency or effectiveness. Efficiency concerns some form of operational metrics, such as the
speed of the retrieval system. This example is important (especially in commercial retrieval
systems), as even a fractional increase of the time taken to return results to a searcher can

reduce the number of returning searchers — thus impacting upon the amount of revenue

generated through advertising (Brutlag, 2009).

However, when one thinks of the evaluation of a retrieval system, its effectiveness is typi-
cally considered. Of course, the definition of what defines a retrieval system to be effective
depends upon the type of search task being undertaken. A patent searcher would, for exam-
ple, expect a retrieval system to return all relevant patents to avoid missing a related patent
(and thus incurring penalties). However, a casual web searcher curious about a topic they
know little about (i.e. searching in an ad-hoc fashion) may be satisfied with either a singular

or a small number of results.

This section provides a brief overview of basic effectiveness measures widely used within
today from the perspective of system-sided evaluation — or the retrieval system’s output —

the generated ranked list of results.

The precision (P) of a ranked list of results is the fraction of documents that have been re-

trieved that are considered to be relevant or useful for the searcher’s information need. A
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2.4 Evaluation Measures

retrieval system that yields high precision for individual queries is regarded as one that

performs well and satisfies searchers.

Figure P.14 provides a visual illustration of what precision entails (as well as its counterpart,
which is discussed below). Given the set of all documents within an index, a retrieval
system will retrieve a number of these documents that satisfy the criteria set out in the
employed retrieval model. Of the documents retrieved, some will be considered relevant
to the searcher’s information need; others will be considered non-relevant. As such, prior
knowledge as to what documents are relevant to a given topic are therefore required to
successfully compute the precision of a ranked list — [[RE] [QRELJ are an example of prior

knowledge, as we discussed earlier in Section .3.1.7].

Precision is defined as:

| relevant documents N retrieved documents | .
P = Equation 2.3
- | retrieved documents | ' 9 '
research reports precision up to a particular rank, i.e. P@K. For example, P@10 will

provide a fractional value for the number of relevant documents that appeared within the
top 10 results for a given query. Herein lies one of the most elementary and basic stopping
models that we find implicitly encoded within various [R measures. Stopping at a depth of

10, or k (refer to™¥) denotes that documents past this rank are not examined.

2.4.1.2

While precision considers the fraction of documents retrieved that are relevant, (R)

considers the fraction of documents that were retrieved and relevant to a query against all

9The value of k = 10 is often chosen in [R research as it has been shown that this is typically the depth to
which searchers would look through web search results, perhaps due to the effects of pagination (Jansen and
SpinkK, 2006).
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False negatives @

® True positives

o precision = { recall = @

False positives (o)

o

o) . How many of the retrieved How many relevant/usefu/_items in
True negatives documents are relevant/useful? the index have been retrieved?
An illustration of precision and recall. On the left is an illustrated example of an
index, containing many documents. The large circle represents the set of documents retrieved
for a query. Documents that are relevant to the query are represented as @, with non-relevant
documents represented as ©. Note that not all relevant documents are retrieved; doing so would
mean that the retrieval engine used would have produced perfect results. On the right of this

illustration, definitions of precision and recall are also provided.

known relevant documents for a query. Recall can formally be defined as:

relevant documents retrieved
R = | I. Equation 2.4
| relevant documents |
Considering the patent searching example defined above, a high recall would be more de-
sirable in a patent searching task. This means that more patents matching the searcher’s

query will be returned, thus reducing the possibility of missing important prior, relevant

patent filings (and reducing the risk of any penalties).

Given more modern retrieval models, the notion of ranking would lead a searcher to assume

(as per the PRP (Robertson, 1977)) that relevant documents pertaining to their query will

be the first results presented. Non-relevant documents will also of course appear, typically
leading to some form of a tradeoff between precision and recall, as discussed below. The
tradeoff considers the notion that as you increase recall, the number of non-relevant items

will undoubtedly also increase, thus reducing the overall precision of the retrieval system.
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pR- NIl Expected Search Length

The [Expected Search Length (ESL) (Coopert, 1968) of a searcher considers the number of non-

relevant documents that a searcher will have to search through to obtain the desired number
of relevant documents. Therefore, systems demonstrating a shorter [ESI] are considered to
be more effective than systems with a comparatively longer ESL]. In other words, the [ESL]
indicates how much wasted search effort one would expect using a given retrieval system,

as opposed to randomly searching until the needed relevant documents are found.

While we do not explicitly use this measure in the contributory work of this thesis, the [ESL]
does nevertheless provide motivation for anumber of different stopping heuristics outlined

in Section B.2.

2.4.1.4 FnEWCXEETL NV EERIES

An important suite of measures that address the gain (or utility) that is presented in a ranked

list can be derived from [Cumulative Gain (CG). Outlined by Jarvelin and Kekalainen (2000,

2), CG is measured as the cumulation of gain of all relevant documents up to some rank
k (or CG@k). [CQ can be measured on a system-sided basis, purely considering the ranking
provided. Alternatively, it can also be measured from a user-sided stance, considering only

the documents that a searcher has identified (or saved) as relevant to their information need.

Determining a value for the level of gain that can be acquired from a document is not triv-

ial; experimentation in [IR (such as the simulation of interaction study by Paakkonen et al]

(2015)) typically uses the [RE( relevance judgement score for a given topic and document

combination as the level of gain that is accrued from a document.

This is demonstrated by the illustration below, highlighting the concept of graded relevance
judgements. When not related to the information need, a score of 0 is assigned, with a rel-

evant document assigned a judgement of 2. Documents partially fulfilling the relevance
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Not Relevant Somewhat Relevant Relevant

Not relevant to the Somewhat relevant, Definitely relevant
given information 1 but not entirely to the information
need 7 relevant need

requirements are assigned an intermediary score of 1. These values are then accumulated

over the rankings to yield the [C§ measure for a searcher’s interactions.

Relevance judgements can also be indicative of a G | ccer=1

searcher’s stopping behaviour. Assuming a per- C [cGe2=1 Fitted gain curve
fectranking, a searcher would be wise to stop his § -
or her interactions with a ranked list once docu- .g

ments that yield no gain begin to appear as they é

traverse the ranked list. Continuing examina- §

tion of the ranked list from that point on would Search Depth

be a waste of their time. Given the illustration in
PR RN An illustration of the

Figure P.15however, it is unlikely a perfect rank- fative Gain (CG) as outlined by
ing will occur in reality, and thus searchers need Kekalginer (2000, 2002). In the exam-

to determine whether they should continue ex- pje, the first five documents from a list are

amining a ranked list after encountering several shown — 17, 3 and 4 contain information,

documents yielding no gain in a row. from which the user gains.

Given the definition above, [C§ can be computed as:

k

i=1

where k denotes the ranking at which [CQ should be calculated, and rel; denotes the rel-
evance assessment score for a document at rank i. Given this definition, a computed [CQG

value will be unaffected by changes in rankings. Two lists of rankings with one highly rel-
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evant document in rank 1 in one list, and rank 5 in the other, will yield identical [CG values.

A further development of CQ is Discounted Cumulative Gain (DCG), which, as the name

may imply, discounts the level of gain accrued by searchers the further down the ranked
list of results that they go, thus addressing the problem of [CQ3 by increasing the accuracy
of the reported values. Specifically, the gain obtained by a new document is discounted
according to the rank of that document (i.e. weighted precision). A new relevance score is
therefore computed for each document by dividing the relevance assessment score by the
log of its rank. Further developments have included measures such as Normalised Discounted
Cumulative Gain (nDCG), which addresses the issue of different result lists having different
lengths. To address this, NDCG considers the ideal DCG (iDCG) of all relevant documents in
a corpus for a given query, where the relevance judgements of these documents are ordered
by decreasing relevance (i.e. 2,2,2,1,0). Dividing the DCG score for a ranked list up to rank

k by the iDCG score up to rank k thus normalises the reported value across queries.

2.4.1.5 LELLEEIEN = B Gl o]

Rank Biased Precision (RBP) (Mottat and Zobel, 2008) is a more contemporary measure

that is derived from a simple searcher model. It considers the notion that searchers are not
willing to examine every result presented to them in a ranked list. The encoded searcher
model, illustrated in Figure .16, assumes that a searcher will always examine the first result
presented to him or her. The process can be likened to the previously discussed idea of using
a Markov model to represent the search process (Iran et al, 2017), modelling the likelihood
of a searcher reaching a given depth. Subsequent documents further down the ranking will

then be examined with a decreasing likelihood. Given a ranked list of documents, 4, RBI is

defined as:

d

RBP = (1-p)- Y rel-pt7, Equation 2.6

k=0
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1-p

. First Result AN| Next Result T-p | Searching Complete | |©

View the first ranked result View the next ranked result Pay the cost
@

F TR An illustration of the simple searcher model encoded within [Rank Biased Precisior]
(RBP). A user following this model will always examine the first result presented, and will exam-

ine subsequent results with decreasing probability (from p, the patience parameter). Stopping is

determined with probability 7-p. Figure used with support from Moffat and Zobel (2008).

with el once again denoting an assessor’s relevance judgement for the document at rank
k, and p denoting the patience parameter. It is this parameter that provides a decaying prob-
ability that a searcher will continue to examine a ranked list of results the further down the
rankings they go. A searcher subscribing to the RKBP searcher model will stop examining
results with probability 1 — p. The patience parameter allows for a very flexible measure;
one can model both very persistent searchers (when p tends towards 1.0) and impatient
searchers (where p ~ 0.5) (Moftat and Zobel, 2008). When p = 0.0, a searcher will examine

only the first presented result for relevance, and then stop.

RBD has been shown to fit well with actual searcher data extracted from click logs, as demon-
strated by Chapelle et al! (2009) and Zhang et al] (2010). RBD is used within this thesis as
a means for attempting to decide when a simulated searcher should stop examining a list
of ranked results. By incorporating an additional probability in conjunction with the calcu-

lated RBP score at some rank k, we can determine whether the searcher should stop.

pX: WA User-Based Evaluation

With basic evaluation measures above considering the system-sided aspects (i.e. the quality
of the retrieved ranked list), this section considers a number of [IR evaluation measures re-

lated to the searcher and their interactions. It may be interesting to note that a large number

68



2.4 Evaluation Measures

of measures for [IR have been proposed over the years (and indeed, over the experimental
spectrum as shown in Figure 2.10); however, only a small number of measures have been
regularly used in the literature. A more in-depth summary of [IR measures can be found in

works by 5u (1992) and Kelly| (2009).

Indeed, Kelly (2009) provides a taxonomy of the different types of measures used within

experimentation. The taxonomy consists of four main categories.

o REINOGIEINEE LN These measures are related to the subject (or participant), of an

experiment. Factors include those commonly gathered from forms of demographics
surveys, such as the subject’s age, sex, and prior search experience. In an information
seeking context, one will also be able to gather information about the prior knowledge
of the searcher and their knowledge. For example, questions can be asked about their

knowledge of the topic they are to find information about.

. These measures characterise the interactions that take place between
the system and the searcher —including their behavioural characteristics. Examples of
such interactions include: the number of queries that the searcher issues; the number
of documents that they examine; the depth to which they examine results (stopping
depth); and the mean length (in terms) of the queries that they issue. Time-based
measures are also included in this category —both at a gross level (i.e. the total session
time), and at a more specific level (i.e. the mean time spent entering queries). These

measures can be usually computed by extracting and parsing interaction log data.Z

o BEEETUENTCNETGGIEN As the name suggests, these measures are related to the out-

come of the interactions that take place between the searcher and the retrieval system.
These measures can be considered analogous to the system-sided measures that we

examined previously in Section £.4.]], but with an emphasis on a searcher’s interac-

20By log data, we refer to the file that is created by an experimental retrieval system as a subject conducts
a search task. Typically, a series of different actions (i.e. issuing a query, or clicking a document link) are
logged, and post-hoc log analysis can interpret the logged events, computing the requested measure.
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tions (i.e. considering only documents explicitly identified by the searcher). As such,

these measures can again be extracted from interaction log data.

» RUEEDIIAAVEERIEEE These measures are typically a series of qualitative and quan-

titative approaches for capturing a subject’s feelings and attitudes towards a search
system that they have used. Common measures in this category include the subject’s
view of the system’s effectiveness and their overall satisfaction with how they per-

formed when undertaking the search task in question (Hornbaek, 2006).

In this thesis, we employ measures from all four of the above — including the extraction of
interaction data from user studies, which is subsequently employed to ground simulations of
interaction. For example, measures include a variant of [CQ that considers the documents
a searcher identifies as relevant during a search session. These are used to compute the
level of gain that he or she experienced, rather than the actual [CG of the ranked list2Z! This
section also discusses an additional measure, considering again the interactions that take

place between the searcher and retrieval system.

p M Interactive Precision and Recall

During the process, searchers examine a number of different result summaries (and
their associated documents), making individual judgements as to the relevance of each.
Some may not be relevant and are disregarded by the searcher. This differs from the ab-
stracted [RE(-style searcher model that assumes that all documents returned are assessed

in their entirety by the searcher.

Subjects of [IR studies are typically instructed to save documents that they consider relevant
to a provided information need. As such, the judgements created by subjects of [IR studies

may not match with those made by the assessors of relevance judgements provided as part

2LOf course, the [CQ of a ranked list will equal a searcher’s computed [CQ if he or she identifies all relevant
documents correctly.
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Se rc h Demonstration of Precision and Interactive Precision

partick Web News Image Settings

Assessors Searcher Correct?

Partick - Wikipedia

https://en.wikipedia.org/wiki/Partick
Y Partick is an area of Glasgow on the north bank of the River Clyde, just across

from Govan. To the west lies Whiteinch and to the east, Finneston, and to the...

Partick Thistle FC

Football Club is The Great Glasgow Alternative to the might of the Old Firm...

What's it like to live in Partick - A quide to one of Glasgow's...
www.glasgowlive.co.uk/news/glasgow-news/whats-it-like-to-live-11115003
Partick is about two miles out of the city centre, on the edge of the west end,
and runs down to the north bank of the river Clyde.

Partick named as one of the UK's 'hippest neighbourhoods'
www.scotsman.com/.../partick-named-as-one-of-the-uk-s-hippest-neighbourho...

https://ptfc.co.uk/
/ Formed in 1876 and known to their supporters as The Jags, Partick Thistle

v
X
v
v

Now Partick, a former burgh in Glasgow's west end, has been named as of the
coolest neighbourhoods in the UK thanks to its street art and...

Precision Interactive Precision Retrieval system returns three relevant documents in the top four results.
3/4 2/4 The searcher’s judgements show that he or she identified two of the three
/ / relevant items, hence a score of 2/4 for interactive precision@4.

HlMEWRWA A graphical example of interactive precision alongside traditional, system-sided

precision. In the example ranking, the retrieval system returned three relevant documents, yet
the searcher only 'correctly' identified two of them, hence an interactive precision (iP) score of

2/4=0.5. This is in contrast to the system's precision score of 3/4=0.75.

of a test collection. Indeed, some [[RE( topics that are widely used contain hundreds of
documents marked as relevant by assessors. It is unlikely that a subject would be able to

find all of these documents or agree with an assessor’s judgement.

[nteractive Precision (iP) and interactive recall were defined by Veerasamy and Belkin (1996)

and Veerasamy and Heikes (1997). Instead of purely considering precision and recall as

measures exclusively utilising the relevance judgements provided as part of a test collection,
one would also consider the number of documents considered relevant by a subject of an
study that were also . This means that a document judged relevant by an
assessor may not be retrieved, viewed and subsequently judged by the subject of an
study. We demonstrate this with a visual example in Figure P.I7. The Assessors column

denotes the judgement from the relevance assessors, while the Searcher column denotes
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the judgement of the searcher. In the example illustration, the retrieval system’s P@4 score
is 3/4 = 0.75, while the searcher’s iP@4 = 2/4 = 0.5. Despite the searcher saving three
documents as relevant, the document at rank two was not assessed as such, resulting in the

iP score being 0.5. Therefore, only two of the three saved documents contribute.

pR:RCW Evaluation Measures and Stopping

Throughout this section, we have outlined a number of different evaluation measures com-
monly employed in both [[R and [IR studies. Common with these measures are implicit

models encoded within them that in turn provide a stopping point in the ranked list.

These models vary from the simplistic to more complex, with the more complex approaches
providing a more realistic rationale of the stopping behaviour of real-world searchers. Re-
garding stopping behaviours, the most simplistic approach discussed in this chapter is P@k
— or stop at rank k. This is agnostic of the relevance of the results presented, and is often de-

scribed as a fixed-depth assumption, something that we discuss later in Section p.1. Other

measures such as RBF (Moffat and Zobel, 2008) and nDCG (Jarvelin and Kekalainen, 2002)

offer of a more complex stopping model. These measures consider a decreasing likelihood

of continuation the deeper a list of results is traversed.

Evaluation measures are however only a small part of the work undertaken in order to
understand the different stopping behaviours exhibited by searchers during the [IR process.

Chapter B provides an in-depth overview of prior work examining this area.

PR Chapter Summary

In this chapter, we have introduced some of the key constructs and components of an [R sys-
tem — from the document indexing process, to the retrieval models that are used to return a

(typically) ranked list of results to the searcher. We also briefly touched on the history of the
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field, discussing some of the key manual and mechanised systems that were commonplace

before the advent of computers and the WWW, giving rise to contemporary [R systems.

The focus of this chapter has however mainly been on the disconnect between traditional
research, and the reality of what searchers actually do during the [IR process. In particular,
we identified a number of limitations within the [REU-style searcher model that is com-
monly employed, and discussed a number of more advanced searcher models that reduce
the assumptions (and therefore limitations) that the models provide, particularly in terms
of a searcher’s interactions. This led to a discussion of how [ systems and the searchers that
use them can be evaluated, along with a discussion of the different categories of study in

and [IR - from system-focused to user-focused.

The next chapter continues the focus towards the considering previous work that

has been undertaken to examine stopping in [IR.
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Chapter 3

Stopping in Interactive

Information Retrieval

Towards the end of Chapter P, we examined a number of different evaluation measures typ-
ically employed in [R and [IR studies. In particular, we emphasised the notion of different
stopping models that are implicitly encoded within these measures, ranging from the naive

to more representative approaches of a real-world searcher’s stopping behaviours.

Actually, please continue reading...

In this chapter, we provide an overview of work undertaken in the field of [IR that explicitly
examine the stopping behaviours of searchers. We enumerate on a number of different
stopping heuristics that attempt to quantify when searchers should stop examining results,
before examining theoretical frameworks that provide insight and explanation into why and
when searchers stop. We then examine a number of different user studies that have examined
stopping behaviours. Before examining these prior works, we first consider why examining
the stopping behaviour of searchers is important to the field, and to the future development

of the retrieval systems and their interfaces that we use extensively today.
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ERN Why Stopping?

Knowing when to stop is a fundamental aspect of human thinking and behaviour. Humans
and other animals, when interacting with the world, will employ some form of stopping
criterion (or criteria) to decide when they should stop (Nickles, 1995). As an example, a
shopper who is looking to purchase a new smartphone will stop shopping around once
he or she has obtained sufficient information on which new smartphone to purchase. Once
their case notes for a patient have been compiled, a medical doctor will then be in a position
to diagnose the patient’s ailment. In the context of search, numerous reasons exist why
searchers stop. Perhaps searchers stop because they have satisfied their information need,
have become frustrated with the lack of potentially relevant information — or because of

some external factor, such as a time constraint that has been imposed upon them.

The decision of when to stop is not exclusively due to such external factors to the decision
maker, but rather from a series of internal, cognitive factors of their thinking process ([Nickles,
1995). For example, an individual who is hungry will stop eating once he or she feels full,
rather than stopping when all of the food presented to them has been consumed. Empirical
research has over the years demonstrated that individuals, regardless of the task presented
to them, will frequently stop prematurely. Indeed, this naive behaviour demonstrates that
individuals may be willing to go with what “sounds right” to them — often minimising the
cognitive effort that is required at the expense of greater accuracy (Perkins et al), 1983).
However, when searching, this lower level of potential accuracy does lead to individuals
making a greater number of errors in their decision making (Baron et all, 1988). Searchers
overlook important elements, and potentially miss out useful information (Fischhoff, 1977;
Fischhoft et all, 1978; Shafir and Tversky, 1992), with the individual then failing to consider

alternatives (Farquhar and Pratkanis, 1993).

Based upon prior research into stopping behaviours, it is clear that such a decision is driven

primarily from internal factors. As such, we then consider: what aspects of the decision maker’s
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1 2

Continue Stop
on SERP? Session?

—» Examine Snippet Attractive?

Hl R Excerpts from various searcher models, highlighting two established stopping deci-

sion points. These are modelled as points at which searchers can stop performing a given action.

These are illustrated as blue diamonds. The two points consider fresult summary level stopping

(often called snippet level or query level stopping), and lsession level stopping.

thinking processes prompt him or her to stop assessing the information provided? Knowing when
to stop requires that the individual in question makes a judgement regarding the sufficiency
of the information obtained, and whether or not additional information is required (Browne

and Pitts, 2004). This judgement is normally characterised by both the completeness and

correctness of the information obtained thus far (Smith et all, 1991). These claims can be

mirrored by qualitative studies on examining stopping behaviour. Here, researchers have
found that searchers stop examining search results simply because what they have found
previously is “good enough” (Zach, 2005) to satisfy their underlying information need. This

finding echoes the reasoning that individuals would be happy to stop when what they have
found “sounds right” (Perkins et all, 1983).

NI Stopping Decision Points

In Section P.3.5, we discussed a number of searcher models that are considered to be an

improvement over the traditional [REC-style searcher model, a model that is agnostic of a
searcher’s interactions. The more advanced models considered two distinct stopping deci-
sion points that capture specific points during the interaction process where a searcher can
stop their current activity, and move onto the next step in the process. These stopping de-
cision points are illustrated in an excerpt of a typical searcher model flowchart, as shown

in Figure B.1|. Both established stopping decision points are discussed below.

77



3.2 Stopping Heuristics

ST ST I EIGARSVE B oIl sl Traditionally called snippet level stopping or query

level stopping in the literaturell, this stopping decision point considers the depth at
which a searcher will stop examining a list of ranked results. After stopping at this

point, the searcher can continue the search session by issuing a further query.

SN REVEI RS (I Is @ This second stopping decision point considers the point at

which a searcher will stop their search session in its entirety. As such, this stopping

decision point is regarded as terminal to the search session.

In particular, ession Ievel stopping is considered when a searcher must decide, for example,

if they have met their overall search goal, have run out of time or queries, or simply have
become so frustrated with a lack of relevant content that they would rather abandon their
search. These stopping decision points can be operationalised in a variety of different ways,
as we explore in the remainder of this chapter. Chapter fj also proposes an additional, third

stopping decision point that we will consider in a later contributory chapter of this thesis.

WA Stopping Heuristics

Considering the above, researchers have over several decades devised a number of differ-
ent high level stopping rules — hereafter referred to as F{]JILlHENIHRIERN — as a means of
encoding a searcher’s aforementioned sense of what is “good enough” (Zach, 2005) — or even

what can be considered as not good enough.

Stopping heuristics have been investigated in decision-making research. A number of norma-
tive stopping heuristics have been identified. As examples, Busemeyer and Rapoport (1988)
considered the expected loss from terminating information acquisition. Kogut (1990) exam-
ined the expected value of additional information. Other examples of normative stopping

heuristics are demonstrated by PPitz et al! (1969) and Busemeyer and Rapoport (1988).

IThe phrase fesulf summary level stopping is used in this thesis to avoid confusion with a new
decision point, discussed in depth in Section f:37]] on page [13.
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However, as outlined by Browne and Pittg (2004), these heuristics usually fail to describe the
actual cognitive behaviours of the decision makers. Such heuristics often assume that the
decision maker must think ahead to the final decision of when to stop, enabling them to assess
the value of additional information (Busemeyer and Rapoport, 1988). This is an inherently
difficult task for decision makers to undertake, due to the limited working memory capacity
of a human. We are simply unable to cognitively process all of the information attained to
make a decision considering all possible outcomes (Browne and Pitts, 2004). Nickles (1995)
agreed, stating that normative stopping heuristics made implicit assumptions about the
mental activities of the decision maker, especially in terms of mental scaling and weighting.
No clear cognitive perspective has yet been provided to address the cognitive mechanisms

and/or assumptions of the decision maker’s thinking.

Nickles (1995) identified two distinct approaches to considering the cognitive processes in-
volved in decision making;: where an individual assesses a context to choose
a course of action; and where an individual convinces himself or herself that a
particular understanding of the scenario is correct. Research in this area of decision making
typically assumed that when assessing a particular scenario (or presented information), a
decision maker would draw upon the available evidence and use their judgement to make a
decision as to how to proceed (Reisberg, 1997). This assumption was implicitly used in the
normative stopping heuristics outlined above. An alternative way to consider what a deci-
sion maker undertakes revolves around the notion that taking a decision is dominated by
his or her ability to reason. Drawing on the available evidence, arguments can be constructed
to reach an overall conclusion. This is known as belief assessment (Benson et all, 1995), where

the individual determines their degree of belief in the conclusion that has been reached.

With the inherent limitations of the normative stopping rules in mind — and the two cate-
gorisations defined above, we now enumerate a number of different stopping heuristics that
are better able to represent a searcher’s cognitive processes, considered as either judgement-

based or reasoning-based. We enumerate these heuristics below in their two classifications.
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IITTe [ [T LT B E =T B TGS A Tl These heuristics are defined as when a decision maker

maintains some mental threshold along a key dimension and a running total of the

number of occurrences of this measure. More details are provided in Section B.2.1].

— BEHSEEU LT TR GO These heuristics consider a decision maker’s satis-

faction with what they have found during the course of their search (satisfaction

or satiation), or their tolerance to non-relevance (frustration or disgust).

— BlaE e gig o) This heuristic concerns the notion of whether a decision

maker is learning anything new by examining more documents.

— BWVELLIITER TR This heuristic concerns a decision maker’s belief that the

information that they have found provides sufficient evidence to prompt him or

her to stop searching for further information.

— BN A single criterion to the decision maker’s information need is

considered in this stopping heuristic.

o JRCESOINIEENMENINIEM This classification concerns the mental representation of
the given topic for which a searcher is seeking information. In other words, the men-
tal representation is formed from a series of (perhaps contrasting) points. When com-

bined together, a decision can be made as to the suitability of the information found.

- BEUEENERCLERS ELINGA This stopping heuristic concerns the notion of the

decision maker’s mental model of the topic and the stabilisation point.

— B LHLEIRS 88 Here, a series of potential conclusions regarding the un-

derlying information need are formed, with these arguments needing to be sat-

isfied to feel sufficiently satisfied to stop.

- BLEEEIRESE A mental list of aspects is constructed, with each item on the

list needing to be addressed by the decision maker before stopping occurs.

These were devised largely as ways of modelling the [Expected Search Length (ESL) (Coopet,
1968), as briefly discussed in Section .4.1.3. Nickles (1995) also proposed a number of stop-
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ping heuristics that are discussed in subsequent sections, with discussion expanded to in-
clude additional heuristics defined by other researchers. We now address each of the two

classifications, explaining each of the different heuristics enumerated above in detail.

EWAN Judgement-Based Heuristics

As discussed previously, a judgement-based stopping heuristic is defined as when a deci-
sion maker is assumed to set and consistently maintain a mental threshold along some form

of key dimension (e.g. determining the seemingly relevant from non-relevant), and to keep

arunning total of the measure relative to the dimension in question (Gettys and Fishet, 1979;

Nickled, 1995). When the measure meets or exceeds this set threshold, the searcher will then
stop searching for information. Each of the judgement-based heuristics we consider in this

thesis are discussed in turn below.

IR Satisfaction and Frustration

Two of the earliest stopping heuristics defined in the literature are by Coopet (1973b), who

consider a searcher’s tolerance encountering non-relevant material, and how satisfied they
become when encountering relevant material. The heuristics were originally defined as
a means for estimating the utility a searcher can attain when interacting with a retrieval

system. While the means of which Coopet (1973b) estimated the utility of search are not

of key relevance to this thesis, the work on stopping heuristics is. The satisfaction point and
frustration point stopping heuristics are considered to be judgement-based heuristics, as they
rely solely on the searcher’s notion of what constitutes a relevant document. Both consider

counts of the number of (non-)relevant documents observed.

SEBElEIC NI The satisfaction point heuristic considers the point at which a searcher

has found enough material to consider his or her search a success. This is achieved by con-

sidering the amount of material found that has been judged to be relevant. It can easily be
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imagined that such a heuristic would apply directly to both result summary level stopping
(i.e. find x relevant documents on this SERP) and session level stopping (i.e. find x relevant
documents). This heuristic is also called the satiation heuristic (Simon, 1955) (see below). This

heuristic can be considered as a decision making process...

“[...]through which an individual decides when an alternative approach or solution is

sufficient to meet the individuals’ desired goals rather than a perfect approach.”

Simon (1971)

This suggests that searchers employing the satisfaction heuristic would stop searching as
soon as certain conditions arise, instead of after they have exhaustively considered all avail-

able information (March, 1994). Conditions could include acceptance of the results; discom-

fort; boredom; time limits; and the snowballing of information (Mansourian and Ford, 2007),

where the repetition or saturation of information occurs.

FUBIEWL RN In a converse fashion to the satisfaction point heuristic, the frustration

point heuristic considers a searcher’s overall tolerance to non-relevance by stopping after being
sufficiently frustrated by the results presented to the searcher. This heuristic is also called

the disgust heuristic in the literature (see below).

The two relatively straightforward heuristics defined above makes a searcher’s interactions
with a ranked list of results inherently adaptive. In other words, given a set of results, his or
her behaviour will change with respect to the perceived quality of the ranked list. As a re-
minder, this would not necessarily mean considering the system’s effectiveness measures,
but rather user-focused measures such as interactive precision and recall, as discussed pre-

viously in Section P.4.2.7].

(O] I RN ETQi L ELNETRIE O Perhaps due to the relative simplicity of the two

aforementioned heuristics, identical approaches have been defined elsewhere in the liter-

ature. Kraft and Lee (1979) later defined three further stopping heuristics, two of which
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3.2 Stopping Heuristics

are the satiation (as per Simon (1955)) and disgust heuristics. In essence, the rules defined
by Kraft and Led (1979) are the same satisfaction and frustration heuristics as previously
defined by Cooper (1973b). Within the satiation rule, a searcher will stop after becoming
satiated by finding a number of documents considered to be relevant, while the disgust rule

considers a searcher’s disgust at finding a number of non-relevant documents.

Kraft and Le¢ (1979) also proposed a third heuristic that combines both satisfaction/sati-
ation and frustration/disgust together into a single heuristic. Here, a searcher following
such an approach would be inclined to stop examining content if they were either satisfied
with what had been found, or frustrated by having to trawl through material judged to be
non-relevant (thus considering multiple criteria). The stopping point would be whatever
of the two conditions are met first. Indeed, Kratt and Lee (1979) demonstrated that the ESL]
of a searcher could be approximated using each of the two stopping heuristics by consid-
ering the size of the retrieval set, the number of relevant documents a searcher wished to
obtain, and the number of non-relevant documents a searcher would be willing to tolerate.
The number of documents required to consider a search as successful is dependent upon
whether the search task is high precision (where one would stop comparatively early), or

high recall (where one would stop comparatively later), as hypothesised by Bates (1984).

AW Difference Threshold

The difference threshold heuristic (Nickles, 1995) concerns whether a new document is pro-
viding a searcher with additional, useful content about their information need. Here, the
searcher is assumed to keep an internal record of the information that has been consumed
along some key dimension. The searcher is also assumed to use this internal record of what
has been assessed to compare a new document with previously examined content. When
the difference between the new and existing information falls below some internal differ-

ence threshold, the searcher stops as nothing new is being learnt.
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Previously examined documents Next Document

Doc 1 Doc 2 Doc 3 Doc 4 Doc 5 Have I seen two
A A A A A documents describing
the same species?
[ N
-

New /" New

MW A simplified example of the difference threshold heuristic. Given the information
need of finding different species of animal, a searcher issues a query, and examines a number of
documents. The third document offers information on dogs, which has been already observed in
Doc 1. Using the stopping criterion that once the same species has been observed twice, Doc 5

satisfies it. This then means that the threshold has been met, and the searcher then stops.

As a simplistic example of this heuristic, a searcher is provided with an information need
to find as many different species of animal as possible. Once a query has been issued, the
searcher begins to examine documents on the SERD. This is illustrated in Figure B.2, where
the first document considers dogs. A simple criterion is employed whereby the searcher
stops after encountering the same animal twice, illustrating that nothing new is being learnt
from the list of results presented. Once this is met, the searcher abandons the FERP, and

can then perform a query reformulation to discover different species of animal.

WA B Magnitude Threshold

The magnitude threshold heuristic (Nickles, 1995) considers an individual’s belief that the
information accrued during the search process provides sufficient evidence to prompt him or
her to stop searching for further information. The point at which the searcher would decide
to stop (stopping criterion) is determined by some predetermined, internal threshold that

must be reached (Wald, 1948; Nickles, 1995). Gettys and Fisher (1979) hypothesised that

the searcher “mentally tabulates” the cumulative impact of the evidence that he or she has

uncovered. When the tabulation crosses the predetermined threshold, he or she stops.
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Determining what exactly this threshold should
be before commencing a task has attracted re-

Stopping Threshold

search from several perspectives. This decision

can be left open to interpretation by the individ-
uals who choose to operationalise such a heuris-

tic. However, research has shown that under

Cumulative Impact

different tasks, varying the criteria by which an

Information Acquisition

individual bases their initial threshold value dif- .
Hle[V[-BMEW The magnitude threshold
ters. For example, Busemeyer (1982) demon-

heuristic. Once a searcher accrues a prede-

strated this for decision making under uncer- . ined level of impact, he or she stops.

tainty. Saad and Russo (1996) demonstrated the Adapted from Browne and Pitts (2004).

usefulness of this heuristic under common choice tasks. Considering prior knowledge of
a topic may also impact upon the threshold chosen — a topic where a searcher has limited

knowledge may mean a lower stopping threshold, for example.

An abstract representation of the stopping heuristic is provided in Figure B.3. From the
figure, we can see that a searcher accrues information through each document that is ex-
amined. This is combined together to form a cumulative impact of the information. For each
document examined, the current cumulative impact value is compared against a predeter-
mined threshold value. If the cumulative impact is above this threshold, the searcher then

assumes that enough supporting evidence has been collected, and stops.

LM Single Criterion

The single criterion heuristic was later defined by Browne et al! (2005). As the name suggests,

this heuristic considers a searcher examining information for a single criterion related to their
information need, typically assumed to be the most important one. The searcher then stops
examining content once he or she has deduced that enough information about said criterion

has been accumulated for them to be satisfied. The concept of a stopping threshold can be
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borrowed from the magnitude threshold heuristic, discussed in Section B.2.1.3. This con-
siders that a searcher will stop once they have accumulated enough impactful information

to satisfy their information need.

Browne et al] (2005) go on to outline an example search task where the single criterion

threshold would be directly applicable. Their example considers purchasing a mortgage
for a new house. Here, a searcher will explore the websites of various mortgage lenders
in order to find the best deal for them. Given a mortgage deal, the most obvious criterion
that an individual would look for would be interest rates. More attractive deals would be
associated with lower interest rates. Of course, other factors may influence the decision,

but this example ultimately demonstrates how the heuristic works in simplistic terms.

WA Reasoning-Based Heuristics

The second category of stopping heuristics as defined by (1995) are reasoning based.

While searching and accruing information about a particular topic, a searcher is essentially

developing a mental representation of the topic (Yates, 1990). As highlighted by

(1995), these elements can include arguments constructed during informal reasoning, pre-
viously constructed arguments, or information evoked from the searcher’s long-term mem-
ory. As such, (1995) devised a category of stopping heuristics that are dominated

by the searcher’s reasoning processes.

3.2.2.1 BRENEENEHGEIR 111114

The representational stability heuristic (Nickles, 1995) (with the phenomenon initially dis-

cussed by [Yates and Carlson (1982)) concerns the notion that as a searcher acquires new

information, his or her mental model of the underlying information need shifts and devel-
ops — but only up to a certain point. From this point, their mental model stabilises, and the

searcher is said to have accrued enough information to satisfy or understand the (sub)topic.
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EEHE

ments that serve to develop and elaborate his or Information Acquisition

h ti f the decisi that th . . ‘
er conception of the decision(s) that they are VMWW Example illustration of the
tasked to make. As the searcher continues to

Itis stated by (1995) that while a searcher

examines content, he or she generates argu-

representational stability stopping heuristic.
reason, certain arguments may be relegated to The searcher's model of the given informa-

long-term memory due to the limited size of the tion need begins to stabilise at t- 7, meaning
searcher’s working memory. Searchers will ac- that a searcher would stop at t.

crue new information, with some perhaps returning to the original subset of arguments. As
mentioned previously, it is this point that can be interpreted as a form of stability regarding
the searcher’s mental model of their information need. This is depicted in Figure 3.4, where
given a vague information need, a searcher will trawl a series of documents in order to de-
velop their mental model of the given problem, turning their understanding of the topic

from an initial fuzzy state to crystal clear.

3.2.2.2 Ryge)oleialehEIR E1o]1[14Y;

Similar to the representational stability heuristic, (1995) also defined the proposi-
tional stability heuristic which again focuses on the concept of a stabilising mental model of
the given information need. Here, a searcher when examining content will form a series of
arguments from the information he or she is observing. These arguments can lead to tenta-
tive conclusions, from which at some point stability is achieved — and the conclusion does not
change. Therefore, this heuristic suggests that the stabilised nature of the decision maker’s

conclusion from the information observed prompts him or her to stop.

3.2.2.3 BN Eh CIRREYS

The mental list stopping heuristic considers a mental list of aspects of some phenomenon.

Each of the different aspects within the mental list must be ‘checked off’ to a satisfactory
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I
New Car Checklist

R
Displacement? 1.8L
PIEpledanEnsy =

Di €se/

eats
‘\9\9 5 S

Fuel Economy?  50mpg
Fuel Type? Petrol
Vehicle Age? <Tyear
Vehicle History?  Good

Turbochol’ged

2000cc M

40.. J30/77109

Infotainment? Yes
kit —
Seats? 5+
et A——
Mileage? <10,000
WbsERY =

Price?

SN Given a well defined information need, Nickles (1995) outlined the mental list

heuristic, where a number of different criteria must be satisfied before stopping. In the illustration

above, car shopping is used as an example. Here, certain criteria for a new car (as shown on the

notepad) must be met before a searcher is satisfied with what they have found.

level before the searcher then decides to stop examining content. This mental list can typ-
ically be constructed from a searcher’s long-term memory, meaning that they will likely

have a priori knowledge of the particular information need. So-called belief structures such

as schemas (Bartlett and Burt, 1933) or scripts (Schank and Abelson, 1977) may assist the

searcher in organising the construction of the mental list that forms the set of criteria that

determines when they stop.

Figure B.§ provides a graphical illustration of the mental list heuristic. When looking for
a new car, a searcher will construct a mental list of different aspects of a car which are es-
sentially the minimum requirements (e.g. a minimum engine displacement of 1.8 litres).
Searching is then conducted, with the searcher narrowing down the potential choices avail-

able to them to those that satisfy their mental list.

P RCH Summary of Heuristics

In this section, a number of different stopping heuristics have been discussed from a number
of seminal papers in the literature. While a much larger number of normative stopping

heuristics have been defined in prior works, these have been omitted from the review as
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they do not adequately describe the cognitive behaviours of a searcher, often assuming a
searcher has to think ahead to make a decision to stop or continue (Browne and Pitts, 2004).
In contrast, the heuristics that are enumerated above do not make this assumption, making

more realistic assumptions about the searcher’s cognitive abilities.

Of course, the different stopping heuristics discussed above are likely to behave differently
under different search contexts. As an example, the mental list heuristic might be impos-
sible to use given a searcher with a very limited knowledge of a topic. He or she simply
would not know enough information to ascertain key aspects of the topic and construct a
set of criteria that must be met (Browne et al), 2005) — Gigerenzer and Goldstein (1999) also
discuss this reasoning for the single criterion stopping heuristic. As such, itis hypothesised
that the aforementioned stopping heuristics would likely work better with a searcher who

is more knowledgeable.

Browne et al] (2005) also discuss the so-called “structuredness” of a given search task. If the
task has well-defined inputs and outputs — or the goals and operations are clear and easily
understood (Simon, 1996 — then it is hypothesised that searchers will employ more precise
stopping heuristics for deducing when to stop. For example, the mental list and single
criterion stopping heuristics might offer greater degrees of precision than (for example) the
frustration and satisfaction heuristics, although the frustration and satisfaction heuristics
may perform well for any given search task. Altogether, the heuristics discussed in this
section would be applicable for informational search tasks (Browne et al), 2005) such as

ad-hoc retrieval (refer to Section 2.3.1.1)).

With the heuristics now enumerated, we later in this thesis discuss how we take these stop-
ping heuristics and consider how to operationalise them, such that they can be subsequently
implemented and compared against each other empirically. This also involves which of the
two stopping decision points we discussed in Section B.1.1| these operationalised heuristics
can be used in. Chapter f provides explanations of the twelve stopping strategies that we

employ in the contributory work in this thesis.
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EICH Theoretical Models

In addition to the stopping heuristics above, mathematically grounded, theoretical models
have been defined that allow us to describe, predict and explain how and why searchers
behave in the way they do. Crucially for this thesis, such models provide an explanation
of their stopping behaviour. As discussed in Section .3.4 however, such models also have
limitations, ranging from the low-level assumptions engaged by the different models, the

variables that are considered or excluded from the models, and the difficulties arising from

the complexities of human behaviour (Fishwick, 1995; Azzopardi and Zuccon, 2015).

Despite the limitations of such an approach, such formal models also permit the generation

of different hypotheses regarding search behaviours. These can subsequently be empiri-

cally tested and validated — with examples of such studies including |Azzopardi et al] (2013)

and Pirolli et al! (1996). Three examples of such theories include [nformation Foraging Theorij

(IFT) (Pirolli and Card, 1999), Gearch Economic Theory (SET) (Azzopardi, 201T) and the
feractive Probability Ranking Principle (iPRP) (Fuhr, 2008). Central to the work in this thesis

is [F1] that we discuss in detail in the following subsection. As shown by |Azzopardi and

(2015) however, the three theories are all mathematically equivalent, with all ul-

timately leading to the same understanding. As such, we do not discuss [Search Economid

[[heory (SET) and [nteractive Probability Ranking Principle (iPRP) in detail.

I Information Foraging Theory

A well known conceptual model in the field of information seeking is the berry picking model,
as proposed by (1989a). As shown in Figure B.§, this model considers searchers look-
ing for information to be analogous to foragers scavenging for food in the wild. In the model,
foragers are looking for the juiciest and ripest berries on a number of different bushes (or

patched). The juiciest and ripest berries offer the highest levels of gain. Picking these berries
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The Berry Picking Model (19894). A forager traverses through bushes to pick

the juiciest berries for consumption. The model is high level and conceptual in nature, and thus

does not provide any justification for how or why foragers search for the juiciest berries.

helps the forager maximise their level of gain. Applied to search, this construct means that
a searcher forages for information, picking the most relevant (or juiciest!) documents that help

them maximise their level of gain.

While the berry picking model is an intuitive and simple model to understand, its highly
descriptive nature does not provide an explanation regarding the behaviour of the forager.
How long should a forager spend examining this berry bush? This question cannot be answered
as such by the model, but (1989b) in a later publication does allude to the fact that

searchers could weigh up the costs and benefits in order to decide what to do next.

Theories do however exist that attempt to explain the behaviour of a searcher when foraging

for information. Initial attempts by Russell et al] (1993) and Sandstrom| (1994) demonstrated
that Optimal Foraging Theory (OFT) (Stephens and Krebs, 1986) could be potentially used to

model the search process. This led to the development of [nformation Foraging Theory (IFT),

proposed by Pirolli and Card| (1999). The theory provides an explanation as to how informa-

tion foragers will behave, and as such, also provides a rationale as to how they will stop. [FT]
is extensively used in this thesis as a theoretical underpinning to several hypotheses. We
also outline an optimal stopping heuristic, as well as several other time-based heuristics

that derive from work associated with OFT].
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3.3.1.1 eIl N =11«

[FT] is comprised of three main models: the information diet model, concerning what infor-
mation is consumed; the information patch model; and the information scent model. With the
information diet model not considered in this thesis, we focus in this section on discussing

the information patch and information scent models.

Central to [F1]is the notion of a patch, as per the patch model. In the wild, a patch is modelled
as an area of land with a degree of potential gain (food) that can be acquired by foraging
through the said patch. The between patch time is the amount of time a forager spends moving
towards a patch, and the within patch time is the time spent within the patch, examining its

contents for potential gain.

With [FT], a patch can be modelled in a variety of ways. However, as outlined by Azzopardi
and Zuccon (2015), the generally agreed approach to model a patch in terms of information
seeking is to consider it as a SERD. With this representation, moving between a patch is akin
to issuing a query, and thus incurs a cost. This is called the . Staying
within a patch is the same as assessing result summaries on the presented SERI and their
associated documents, with each summary and/or document taking a certain amount of
time to process, or the . The patch model essentially predicts how long
an information forager should stay in a patch (or SERP) before abandoning it and moving

to the next patch.

However, given a series of patches (or potential queries), how does a forager deduce which
one they should enter next, and examine in closer detail? This is described by the informa-
tion scent model and encapsulates a currently active area of research. Figure B.7 graphically
illustrates the scent of a patch in action — given two patches as depicted in the illustration,
which patch will the forager travel to next? Following the scent or cues on the ground next
to him, the forager observes that the paw prints to patch @) are more prevalent, and thus

will venture to that patch first. Like foragers in the wild, information foragers will observe
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Which patch (i) should the forager enter?

SL-B WA A graphical depiction of the patch model, part of |nformation Foraging Theory (IFT).
When presented with two patches, each containing food that can be represented as gain, what

patch should our forager choose first — patch @) or @?

a series of proximal cues presented to them on a SERD, such as hypertext links, document

titles, snippet text and thumbnails to locate information (Pirolli and Card, 1995, 1999; Chi

et all, 200T; Olston and Chi, 2003; Pirolli, 2007). In the context of news search, cues were
examined by Sundar et al! (2007). Here, cues such as the source of an article (its scent) were

shown to have a powerful effect on the perception of the article, and influenced whether

the said article was clicked on.

If these cues provide a rationale as to what leads to a promising scent trail, it follows that
scent, in combination with patches, provides a rationale as to when a searcher will stop

examining a set of results (Pirolli and Card, 1999; Wu, 2012; Wu et al], 2014)). For example, a
user study by Wu et al] (2014) demonstrated that a searcher would forage to greater depths

if the SER appeared to contain many relevant items. Card et al! (2001) also observed this

trend. They found that when navigating through pages, searchers were more likely to leave
when the information scent began to decline. Section 3.4 provides more details on these user

studies, along with others considering stopping behaviours.
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R IWE Stopping Heuristics

Given a patch with a scent, how can one deduce when they should stop? Like all theories, [F1]
makes some key assumptions from which we can deduce behaviours of a forager. The
assumptions are that a forager will: enter a patch with what appears to be the highest yield
first; and attempt to maximise their gain per unit of time. Given these assumptions, one
would now be able to answer the question posed in Figure B.7. With a better scent and
greater volume of potential energy to be gained, patch @) is the answer that a forager would

provide to the question which patch should I explore first?

In addition, the assumptions provided above allow us to begin formulating a stopping

heuristic based on the optimal behaviour of a forager. The Marginal Value Theorem (MVT)

by Charnov] (1976) states...

“...that a forager should remain in a patch so long as the slope of the gain function is

greater than the average rate of gain in the environment.”

Pirolli and Card (1999)

The MVT] implies that if a forager is within
a patch that initially looked promising, yet is
yielding a rate of gain less than the average rate
of gain expected within the patch, he or she should

then abandon the patch and then move to an-

Cumulative Gain

other one. This phenomenon is often called

the instantaneous intake theorem (Stephens and

1986). In the context of information seek- Figure 3.8 RIS stopping heuristic.
ing, this would imply a query reformulation. The searcher should stop when the rate of

Conversely, a forager who has found himself or = gain (solid green line) no longer outperforms

herself in a patch yielding gain at a rate greater the average rate of gain (dotted green line).
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Time StoppingI
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s [FERCNEN [llustrations of the time stopping heuristic (left), and the give up heuristic (right).

On the left, a forager will stop after a time limit has been reached (40 seconds in this example)
from the point at which they enter a patch. On the right, a forager will reset their timer when they
encounter something gainful, but will grow increasingly impatient the poorer the results of their

foraging, and eventually stop too (a 20 second limit is shown here).

than the average rate of gain would be best advised to stay within that patch. This is graph-
ically illustrated in Figure B.§, where the gain curve for a forager in a patch is highlighted in
green. In addition, the plot illustrates: @) the between patch time, where the forager is not
acquiring any gain; 9 the within patch time, where the forager is examining the SERF and
associated documents; and @) the optimal stopping point, based upon the MVT]. Graphi-
cally, this is best described as the point at which the tangent to the curve (from the origin)
touches the gain curve. From this point onwards, the rate of gain decreases and is less
than the average rate of gain, meaning that the forager receives diminishing returns for the

investment in examining content within the current patch (or GERD).

Operationalising the instantaneous intake theorem is often difficult to do in practice. How
would one measure, for example, the expected rate of gain? Instead, several other stop-

ping heuristics that influence patch leaving have been developed as part of OFT] (Stephens

and Krebs, 1986). These attempt to approximate the instantaneous intake theorem. Such

heuristics include, but are not limited to:
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= the so-called (Gibb, 1958), where a forager would leave a patch
after finding n prey;?

« the (Charles-Dominique and Martin, 1972; Krebs, 1973), where a for-

ager stops after spending x seconds within a patch; and

« the heuristic (Krebs et all, 1974), where a forager would stop and leave a

patch after x seconds have elapsed since last finding something of use.

The time-based stopping heuristics are illustrated in Figure B.9. A further study of differ-
ent patch types (i.e. where the density of prey varies) was also undertaken by (1982).
They found that across different patch types, different stopping heuristics worked better in
different environments — also demonstrated in works by [wasa et al! (1981), McNair (1982)

and (1984)). Consequently, a further was devised. For a patch

that appears to be fruitful early on, a satisfaction-based heuristic would perform well. Oth-

erwise, employing the give up time-based heuristic (Krebs et al], 1974) would work best.

This intuitively makes sense. A searcher, when presented with a SERH of high quality with
many relevant results would be prudent to continue examining it for more content if the
initial set of results are promising. However, if initial results are not promising, the searcher
should be more sceptical, and be prepared to abandon it if, after examination, relevant con-

tent was not forthcoming as the results are traversed.

3.4

While stopping heuristics provide a means for quantitatively characterising and predict-

ing stopping behaviour (Wu et all, 2014), only a handful of user studies have been under-

taken that attempt to understand when enough information is enough (Zach, 2005). As

2This stopping heuristic is analogous to the satisfaction and satiation stopping heuristics, defined

by (19738) and Simon (1955) respectively.
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we have already discussed, stopping is an inherently difficult phenomenon to model ef-
fectively. This is because it is instrumented by a series of internal factors to the decision
maker’s thinking (Nickles, 1995). In this section, we detail a number of different user stud-

ies that have attempted to provide an explanation for a searcher’s stopping behaviours.

CN-% W Understanding Stopping Behaviours

Two user studies by Zach (2005) and Berryman (2006) have examined searcher stopping
behaviours through a series of interviews with subjects. These studies primarily focused on
the notion of why searchers stopped when they did, with both considering subjects seeking

information in an academic work environment.

Zach (2005) considered how senior art administrators determined when to stop searching

in their daily jobs, and found that they mostly stopped either because they:

» felt satisfied with the information that they had obtained during their search; or

» stopped because of time constraints.

The study by Berryman (2006) was conducted in a similar approach. Public sector policy
workers reported finding it difficult to work out how much information would be enough
to satisfy their tasks when initiating them. However, once the structure of what they needed
to find had been established, the point at which they felt they should stop became clearer.
The findings from this second study provide evidence that the assessments of what consti-
tutes as enough can be difficult and complex to deduce. This finding also provides evidence
of the development of an underlying mental model of the given information need and pro-
vides justification for the representational stability, propositional stability, and mental list

stopping heuristics (as discussed in Section 3.2.2).

A number of user studies have also examined stopping behaviours in relation to the concept

of satisfaction or satiation (5imon, 1955). As previously discussed in Section B.2.1.7], this
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concept suggests that a searcher will cease searching as soon as conditions arise, instead of

after they have exhaustively considered all available information (March, 1994).

Considering this approach, Agostq (2002) examined the decision-making abilities of young
people when searching on the WWW]. In this study, 22 9t and 10" grade students from a
U.S. high school demonstrated limitations which affected their decision making, including
time constraints that were imposed externally and internally, information overload, and
other physical constraints. In order to find websites to help in satisfying their information
need, the students used reductive approaches to decrease the amount of information pre-
sented on the WWW, and used this to work out when to stop. How students perceived the

websites were also largely down to personal preference.

With a completely different set of subjects, Mansourian and Ford| (2007) conducted a study
where they analysed the stopping behaviours of 37 staff and students from four university
biology departments, and classified their stopping behaviours by search depth and search
impact. Qualitative results showed that subjects indicated that missing potentially impor-
tant information in the course of their searching was a matter of concern. The authors re-
ported that the estimations and importance of information missed likely would affect their
stopping behaviour. From this, classifications of the perceptions of missing information
ranged from inconsequential to disastrous, and search strategies classified as perfunctory to
extensive, with the information need dictating what category the searcher would have con-

sidered appropriate.

A similar study by Prabha et al] (2007) considered searchers in a further academiclibrary set-
ting, with one key finding from their study showing that time constraints led to a decrease
in the number of documents that searchers examined. Again, the specific information need
and the searcher’s role in academia affects every stage of their search processes — which

includes affecting what they have found to be enough.

These findings were further demonstrated by Wu et al! (2014), who undertook a study

where subjects performed a series of different search tasks. Subjects were then interviewed
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about their result summary level stopping and session stopping behaviours. Results from
this study showed that result summary level stopping decisions were taken primarily on
the face of search results, queries and search tasks. Session stopping decisions were deter-
mined by the subject’s overall goal for each task, the content examined (and their subjective
perceptions of the examined content) and the study constraints imposed upon them, such as
time constraints and search interface restrictions. Further empirical evidence to this study
was later provided by Wu and Kelly| (2014). They reported that some subjects discussed

“forced stopping” (stopping when no more information could be found), and “voluntary’

stopping that stemmed from the feeling of securing enough information.

Wu et al! (2014) also discussed how information scent affects the stopping behaviour of a
searcher. Constituting part of [F1], it is important to note that user studies have been con-
ducted using this model. For example, Card et al) (2001)) observed that if a person started
with a high information scent web page, he or she would be inclined to visit more web pages
on the high scented page’s domain. They also found that as the information scent of web
pages declined, there was a tendency for the person to leave the site or return to a previ-
ously visited page. Loumakis et al! (2011) examined scent that was associated with images
presented on SERPY, and how these impacted on the evaluation behaviour of searchers.
They found that when images were added to text snippets, participants reported increased

confidence that they could find an appropriate result.2

Central to the findings of all of the above studies — regardless of the group of subjects or
contexts in which the searches were conducted - is the idea that searchers stop when they
are satisfied. Even though subjects of these studies were acutely aware of the fact they had
not found all relevant information to their given information need, they were nevertheless
satistied with what they had found, and subsequently decided to stop. While the results
from these studies may be underwhelming in terms of concrete explanations as to why
people stop, they do provide invaluable insights, and demonstrate just how difficult it is

to encapsulate or create descriptive parameters of such behaviour. Indeed, factors such as

3 A picture is worth a thousand words.
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time constraints, a searcher’s information seeking ability and other factors all influence the

internal stopping rules of a searcher, as was discussed by Marchionini (1995).

cW:- WA Quantifying Stopping Behaviours

With the above studies examining why people decide to stop, a very limited number of
studies have attempted to quantify when a searcher should stop searching — something the
stopping heuristics presented in Section B.2 attempt to do. ['oms and Freund (2009) studied
the actions preceding the endpoints in information seeking to predict what actions would
lead a searcher to stop. The most prevalent pattern they observed that matches the searcher

models outlined in Section .3.5 consisted of a searcher:
(1) issuing a query;
@ examining results presented to them on a BERF}; and

(3] viewing a document.

Interestingly, the authors observed that searchers appeared to be more engaged in page con-
tent and in revisiting and assessing pages that had already been found. They hypothesised
that this again may be due to the satiation heuristic, where the searchers would purpose-

fully go back to reassess if what they had found was enough.

A turther study by Dostert and Kelly (2009) examined the stopping behaviours of 23 un-
dergraduate students. Subjects, in parallel to other studies, reported that the primary factor
for deciding to stop was their intuition. Like in the study reported by Prabha et al| (2007),
the subjects were time constrained. Dostert and Kelly (2009) reasoned that subjects could
not adequately articulate this intuition, but hypothesised that they simply felt that given
their perception of how much time had elapsed, the number of documents that they had lo-
cated felt sufficient. However, the authors report a number of additional reasons (as shown
in Figure B.10) why subjects decided to stop, with the reasons providing links back to the

stopping heuristics defined in Section B.2.
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Indeed, the unarticulated notion of finding Intuition

. . , Article Repetition IEEEEG—
“enough” (Zach, 2005) information links neatly
J Relevant Docs. NG

back to the idea of the magnitude threshold 4 Non-Rel. Docs. nummmm

stopping heuristic, proposed by Nickles (1995) No New Docs. IS

and detailed in Section BZ.1.3. With this heuris- "ersonal Numeric Data F—
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ticc a searcher would stop once they have
accumulated a certain predetermined amount
of information. From the results of their Responses of the survey on
study, Dostert and Kelly (2009) hypothesised why subjects stopped by Dostert and Kelly,
that the threshold was reached once their sub- (2009). Like most studies examining stop-
jects felt they had correctly identified half of the PINg behaviour, most subjects stopped be-

relevant documents available to them. In real- cause of their intuition — or what felt like

ity, the searchers had on average only managed enough to them.
to correctly identify 7.35%. In addition to comparisons to the magnitude threshold stop-
ping heuristic, Dostert and Kelly| (2009) also drew comparisons from their results to the
difference threshold stopping heuristic, as outlined in Section B.2.1.2. To recap, this heuris-
tic considered a searcher’s tolerance to not learning anything new. This is argued by the
authors as a reason for respondents citing repetition in the documents found, or a lack of
new documents. Lastly, the representational stability stopping heuristic as detailed in Sec-
tion B.2.2.T| was also noted by the authors. With this heuristic concerning the stabilisation of
the searcher’s underlying mental model of the topic, the authors noted that supporting evi-

dence was obtained by subjects responding to a decrease in the number of relevant, and/or

an increase in the number of non-relevant documents.

These stopping heuristics were also investigated by Browne and Pitts (2004) and Pitts and
Browne (2004) with systems analysts during the process of information requirements de-
termination. The analysts were required to gather a series of information requirements
that would allow them to generate diagrams to represent an online grocery shopping sys-

tem. Browne and Pitts (2004) found that more experienced analysts tended to use the mental
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list and magnitude threshold stopping heuristics, while less experienced analysts utilised
the difference threshold and representational stability stopping heuristics. In addition to
these findings, the authors noted that the applicability of different stopping heuristics re-

sulted in varying degrees of quantity, depth and the quality of information obtained.

ER-ICHl Considering Search Depths

A number of additional user studies have also

K- Qs Efe

231 Qfe EIB
stop clicking (the click depth). Studies such as

the seminal work by Cutrell and Guan (2007) RGNS MEN The cost-interaction hy-
undertook an eye-tracking study and reported pothesis (Azzopardi, 2011). As the cost

considered the so-called search depth — that is, the

depth on a list of ranked results that searchers

that subjects examined the first eight results be- of querying increases (Co), searchers will

fore deciding to carry out a query reformula- issue fewer Queries and Examine more

tion. Lorigo et al! (2008) also examined their sub- documents per query.

jects” scan paths as they undertook search tasks. On average, subjects scanned only 3.2 dis-

tinct search results per query. This work was supplemented by Huang et al] (2011)), where

they found that subjects proceeded to issue a new query after inspecting the top four results

of the presented SERD.

A study by [Azzopardi et al! (2013) also found that the depth to which subjects examined

content was affected by the cost of entering a query (as illustrated in Figure B.IT). With a
search interface where subjects were required to invest more effort to enter a query, sig-
nificantly fewer queries were issued, with the results for these queries examined to greater
depths. This was in contrast to subjects who used a standard search interface, where more
queries were issued with subjects examining the content to a shallower depth. These find-

ings comply with the query-cost hypothesis (Azzopardi, 2011), that states: as the cost of querying

increases, searchers will pose fewer queries and examine more documents per query.
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This is illustrated in Figure B.I1]. Evidence from this study also demonstrated that the search

interface individuals are subjected to impacts upon their stopping decision making.

ERB Chapter Summary

This chapter has provided an extensive overview of how stopping has been examined in the
context of [IR. In particular, we have detailed a number of different stopping heuristics that
have been proposed in the literature. These heuristics represent the attempts of researchers

to capture a searcher’s feeling of what is “good enough” (Zach, 2005). We also discussed

theoretical models of search, examining in particular [nformation Foraging Theory (IFT). This

theory provides an explanation as to why and when searchers should stop, and extensive

work in the literature based upon Opfimal Foraging Theory (OFT) has also yielded a series of

additional stopping heuristics.

We also provided an overview of the literature concerning user studies and searcher stop-
ping behaviours. Many of these studies showed that searchers are simply unable to articu-
late why they stopped when they did, with internal heuristics causing them to stop when
they simply felt satisfied, perhaps complying with the satisfaction/satiation stopping heuris-
tics (Cooper, 1973b; Kratt and Lee, 1979) (or the number heuristic (Gibb, 1958)). However,
these different internal stopping heuristics vary from person to person, with factors such
as domain knowledge — and external factors such as time constraints — affecting their be-
haviours (Marchionini, 1995). As such, stopping behaviours are an intrinsically difficult

phenomenon to capture and understand effectively.

With the scope and background of this thesis now outlined, we now move towards Part [I.
We begin to introduce the contributions that the work undertaken within this thesis pro-
vides, beginning with an updated searcher model. We will also discuss how we opera-
tionalised the stopping heuristics outlined in this chapter, turning them into a series of pro-

grammable stopping strategies.
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Chapter 4

The Complex Searcher Model

In this chapter, we present the [Complex Searcher Model (CSM). The [CSM| is an updated, con-

ceptual searcher model® that is one of the major contributions of this thesis. It is an amalga-

mation and development of prior, established searcher models. These models capture the

complex sequence of interactions that take place between a searcher and a retrieval system

over the course of a search session. As such, this chapter provides a partial answer to our

first high-level research question, .

A 4

A 4

Request Feedback

.—> Write Chapter

Complete? O

As discussed in Section .3.5, earlier examples of searcher models include the Markov-based

approach presented by Baskaya et al! (2013), and the model proposed by Thomas et all

(2014). These searcher models (along with others) are in broad agreement with the general

sequence of events that take place within the [IR process — from issuing a query to examining

documents for relevance.

IThe [CSM can also be considered as a browsing model, as per Carterette et al] (201T).
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Given the aforementioned searcher models outlined in Section P.3.5, the [CSM offers a num-

ber of advancements in modelling searcher and retrieval system interactions. In this chap-

ter, we provide:

= the of the proposed [CSM, outlining the different steps and decisions that those

subscribing to it undertake (Section £.1));

» a discussion of the BSLelolsllyleRe [Td ST Relelj i8N that the [CSM considers (Section B.7);

» a summary of the key that the [CSM provides (Section f.3); and
= an outline of the key that we consider as part of the [CSM] (Section £.4).

We also briefly outline the specifics for evaluating the [CSM as a viable searcher model (Sec-
tion f£.5). Specific details of the implementation of the [CSM| are discussed in our general
methodology (Section p.4, page [[57). We begin this chapter with a discussion of the flow of

the discussing the different steps and decisions that searchers will make.

%W Model Flow

The [CSM is illustrated as a flowchart in Figure .. It is comprised of a number of different
activities denoted by boxes, and decisions represented as blue diamonds. The flowchart is
divided up into a number of different blocks, labelled u to . Each of the blocks denotes
alogical set of interactions —block n for example, considers all of the actions and decisions
a searcher is likely to consider in relation to querying. In this section, we outline the flow of
the [CSM, discussing the key activities and decisions that searchers would undertake when

subscribing to it. This is done in relation to the six labelled blocks that are discussed below.

L[S EINMEE A searcher subscribing to the would begin the search pro-

cess with some information need. This would typically be provided as a topic, with
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A flowchart of the |Complex Searcher Model (CSM). A cornerstone of this thesis,
the is extensively used as the grounding model for simulations of interaction that we report
on in subsequent chapters. The main logical components of the as discussed in Section
are labelled to , complete with surrounding boxes. The three stopping decision points are
highlighted with numbers @), @) and € (refer to Section [4.2).

a topic description outlining said information need. From this topic description, var-

ious entities can be extracted and used for the generation of queries, as described in

block ﬂ

H Once the information need has been established, the searcher will then
move onto the querying block. Here, a number of different activities and a decision

point are considered. Within the block, the first activity that the searcher will un-
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dertake is the Re[EEHLRIRIEEEN. Given the information need from block n

a searcher will formulate a number of candidate queries that they could issue to the
underlying retrieval system. This is achieved through the use of some form of query-
ing strateqy that generates the said candidate queries. The searcher then must make
a decision as to what query they should issue. A query is from the candi-
date queries list by some process (e.g. some form of ranking). This query is the one
the searcher believes is most likely to return relevant documents. The query is then

m to the underlying retrieval system, with the searcher proceeding to .

As stated previously, [IR is an iterative process where multiple queries can be issued
in a single search session. The [CSM provides support for this — as can be seen from the
flowchart line from block ﬂ to querying block H At each point, the list of candidate
queries generated could theoretically be regenerated, thus supporting query reformu-
lation. If a searcher then finds that the candidate queries list has been exhausted, a

stopping point is provided for this scenario.

A EINIhECLE With the query now issued, the retrieval system will then return

aSERD for the to examine. From here, the searcher is able to BUEVAL ER 3 Z

— that is, to obtain an initial impression of the SERI by examining the various proximal

cues (Chi et all, 200T) presented. If the SERD does not appear to look promising, or
gives the answer straight away, the searcher will abandon the SERP and proceed to

issue a further query from the list of candidate queries as described in block B If
the GERP however does look the searcher will then enter the SERH and pro-

ceed to examine individual result summaries in detail.

ﬂ CEHTL AT I EQASE N EL[L B Result summaries are presented to the searcher within

the SERD. Searchers can take individual result summaries in turn, examining the title

and snippet text provided for . If deemed to be sufficiently attractive

to warrant further examination, the searcher will then click on the provided link. This

2As the [CSM considers interactions with a retrieval system only, we assume that a searcher will have
already selected a retrieval system to use beforehand as discussed in Section f4.7.
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link will then take the searcher to the associated document for further examination.
If the searcher does not deem the summary to be sufficiently attractive to warrant
further examination, he or she will then move to block ﬂ As described below, the
searcher in this block must decide whether to continue examining results on the GERP

— and if not, whether to continue with the search session.

H I ENIASENTNEL N Once a searcher clicks on an attractive result summary, he

or she will then @ the associated document for relevance, after which a further
decision must be made. Is this document relevant to the information need? 1If so, the
document is EEVEN, meaning that it is added to a list of saved documents, as we
describe below. The searcher then proceeds to block ﬂ If not considered relevant,

the searcher then proceeds directly ﬂ

ﬂ Regardless of how the searcher reaches this block (either from
block ﬂ or H), a searcher here can make two key stopping decisions. The first con-
siders whether he or she should remain on the present SERD,. If this is decided to be
the case, the searcher will then move to the next result summary presented within it,
and begin to examine that for attractiveness. If it is decided not to remain on the SERD,
the searcher will then move to a final decision — should I stop this search session, or con-
tinue? If the searcher decides to continue the search session, he or she will then move

back to the query generation activity in block n beginning the cycle again.

Of particular interest to the work in this thesis are the stopping decision points, as discussed

above — and shown in blocks and ﬂ in Figure @.1].

WA Stopping Decision Points

Outlined previously in Section B.1.]], established searcher models consider stopping from

two key perspectives: result summary level stopping, and session level stopping. The two estab-
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lished stopping decision points are included within the [CSM, and are labelled @ and @ in
Figure f£.1 respectively. They are also briefly outlined below.

O NS EAEERSELELEN This stopping decision point concerns the depth at

which a searcher will stop examining a list of ranked results for a given query, as-
suming that results are ranked in a particular order. After stopping at this point, the

searcher can continue the search session by issuing a further query.

@ FEHENCERTENIEN This second stopping decision point considers the point at

which a searcher will stop their search session inits entirety. As an example, a searcher
will stop their search session when they believe that they have satisfied their search

goal, for example.

The [CSM however includes a third, SERP level stopping decision point, highlighted as stop-
ping decision point €) within block of Figure f.1.

© LRGN With this new stopping decision point, a searcher can abandon

a BERD before entering it to examine result summaries in detail.

This new stopping decision point permits searchers subscribing to the [CSM to become
savvier with their interactions. By gauging the FERD, a searcher can make an informed
decision as to the quality of said FERH before making the decision to invest more time ex-
amining its contents, or simply cutting their losses and abandoning it — for better or for
worse. The new stopping decision point is one of the key advancements that the pro-

vides, and is discussed in more detail in Section {.3.1.

.98 Model Advancements

The [CSM provides two novel advancements in modelling interactions between a searcher

and retrieval system. These are highlighted as blocks H and in Figure f.7], and ad-
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vances our understanding of the querying process — as well as including the aforementioned
third stopping decision point. In this section, we discuss each in turn. While the advances
to querying are novel, they are not the core focus of this work, and thus discussion of the

new SERD level stopping decision point will be in greater depth.

WAl SERP Level Stopping

This new stopping decision point — illustrated in block of the [CSM (Figure B.1) — is
motivated by the idea of the information scent (refer to Section 3.3.1.1 on page P2) present on
a given SERD. This section also introduced the concept of proximal cues (Chi et all, 2001)), cues
that provide insights into whether the presented FERI will yield information that will aid
the searcher in satisfying their underlying information need. This has been demonstrated

in prior studies (Wu et all, 2014; Ong et al], 2017) — and in Chapter [ of this thesis.

By operationalising information scent as the perceived performance of a given SERD, we
allow a searcher to obtain an impression of the SERP before deciding to enter it and examine
presented content in detail — or abandon the SERD altogether, and move to the next activ-
ity. The notion of forming an impression is similar to the summary impressions formed
by searchers subscribing to the model defined by Thomas et all (2014), as detailed in Sec-
tion 2.3.5. In their model, a searcher would not form an overview of the SERD, but rather
an impression of each individual result summary. The impression can then be used as a

means of gauging whether further examination would be worthwhile.

This new stopping decision point is analogous to the well-studied phenomenon of
abandonment in which limited interaction occurs with the searcher. This has been typi-
cally assumed to provide an indication of the searcher’s dissatisfaction with the presented
results (Das Sarma et al), 2008; Chuklin and Serdyukov|, 2012; Kiseleva et all, 2015), or sat-

isfaction (through the concept of good abandonment) (Loumakis et all, 20TT; Wu et all, 2014) 2

3We discuss this in more detail in Section f-4-4.
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4.4 Model Assumptions

Thus, we provide, to the best of our knowledge the first searcher model that incorporates
a path for a searcher to leave a SERD that appears to be of poor quality (or a low scent), or

even satisfies their information need outright.

Wl The Querying Process

Outlined previously, search sessions are inherently interactive (Ingwersen and Jarvelin,

2005). During a session, a searcher’s underlying mental model of a given information need
can adapt and is likely to change as he or she examines new content for relevance (Bor
2003). Searchers may find more descriptive terms associated with the said informa-

tion need, and incorporate these terms in a subsequent query reformulation.

From block H in Figure f.1], the querying process has been broken up into two distinct

activities and decisions: Re[IZgR¢[hEEHLN (thinking of queries that could be issued) and
CIEQAE GO (selecting a query to issue). A searcher subscribing to the model will

have the capability of revising their generated query list at each query reformulation, thus
supporting the concept of the dynamic information need. Updated terms can in theory be
selected from newly examined documents and incorporated within the query generation

process for future reformulations.

Query selection then determines which one of the generated queries are to be issued to the
retrieval system. Of course, the potential exists whereby all generated queries have been
exhausted. This scenario would thus provide a natural stopping point for the searcher, as

included in Figure g.1].

W:% Model Assumptions

When modelling a real-world phenomenon, a number of different assumptions are made

about said phenomenon’s exhibited behaviours (Fishwick, 1995). The [CSM is no excep-
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4.4 Model Assumptions

tion from this rule, and we make a number of different assumptions about a searcher’s
behaviours and the presentation of the retrieval system’s results. This section details five

key assumptions that we consider as part of the [CSM.

4.4.1 BEI(QINENS

In this thesis, we are interested in the wider process, considering all of the activities
and decisions involved. We are particularly interested in improving our understanding of

complex retrieval tasks.

The [CSM provides scope for the modelling of a variety of different interactive search tasks. Ex-
amples of these include the aforementioned ad-hoc, exploratory, and diversity tasks. These
tasks can be undertaken in different search domains, such as informational (refer to Sec-
tion 2.3.2) or patent searching. As discussed in Section [[.2, we exclusively consider informa-
tional search in the domain of news. Tasks we consider include both ad-hoc and diversity,
such that we can then examine how behaviours vary under each task. This is because while
the [CSM is able to model other search tasks, the selected search tasks provide for more in-
teresting task types to examine, and consider a greater depth of activities and decisions that

would not otherwise be examined by the more simplistic approach.

These tasks are interesting to examine for two key reasons:

= the search goals between each task vary; and

» from an examination of the literature (refer to Section B.4), it is not clear when enough

information is enough.

These reasons will undoubtedly produce interesting results between the two tasks. As the
tasks are not simple lookups, a searcher will not stop once a single relevant page has been
found. Instead, he or she will stop once enough (Zach, 2005) information has been found to

satisty their goal, or other constraints are imposed (e.g. time constraints).
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4.4 Model Assumptions

“W: W Retrieval System Tool Choice

The searcher model proposed by [homas et al| (2014) provides those subscribing to it with

a choice as to which retrieval system they should use. As discussed earlier, we assume
with the [CSM that a searcher uses a single retrieval system. Our focus is therefore with the

interactions that take place between the searcher and the said retrieval system.

Of course, the inclusion of such a decision point would be interesting to examine within
the wider process. Different retrieval systems will have benefits and drawbacks for
particular domain types (e.g. a patent retrieval system would perform better for patent
searching tasks). It would be interesting to examine this kind of tool switching behaviour —

and could be considered as a further stopping decision point, or retrieval system stopping.B

4.4.3 BnbIERENGES

When considering the SERD presented to the searcher as a whole, we make three simplifying

assumptions within the [CSM. These are enumerated and detailed below.

» BEGRIERRLHIER Under the CSM, a SERH will consist purely of a set of result sum-

maries, coined in [ literature as the ten blue links. Of course, we acknowledge that
additional components are present in contemporary FERPS, such as multimedia con-

tent in federated search (Chen et all, 2012). These are however not considered to sim-

plify the CSM.

» BELEETASENNELL NI SI® Once a searcher has decided to examine a SERD in detail,

the result summaries presented to the searcher will be examined in a linear order.

There is evidence to suggest that real-world searchers examine results from top to

bottom, as demonstrated by Joachims (2002) and Joachims et al] (2005), for example.

4Refer to Section [[0:3.] on page B49 for a more in-depth discussion on tool switching.
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4.4 Model Assumptions

Click models, such as the cascade model (Craswell et all, 2008), have been developed
that utilise this assumption. Such approaches are subject to positional bias, where the
searcher implicitly trusts the results of the retrieval model and assumes that the first

result presented is the most relevant to their information need.

o RNCRSGIERERHERTNE The CSM also assumes that the SERDP presented to a searcher

is of a single page, with no pagination of results. This does simplify the modelling
process, with pagination activities and costs also not considered in earlier searcher

models that consider the session as a whole.

. W:W:l Good and Bad SERP Abandonment

As previously mentioned, the [CSM provides a third GERP level stopping decision point. As-
sociated literature considers the notion of bad FERI] abandonment, where a searcher is dis-
satisfied with the presented results. More contemporary research has introduced the notion
of good FERP abandonment (Khabsa et al), 2016), where a searcher satisfies his or her infor-
mation need by examining the SERD, requiring no further interactions with it. This is more
prevalent on small-screen devices, where an information card presented to the searcher
on the SERP may provide all the information required to satisfy the searcher on a simple

lookup task, for example.

The [CSM does not explicitly consider the notion of good or bad SERI abandonment; the
provision exists however for both to be modelled effectively within the scope of the new
stopping decision point. Good abandonment can be for example catered for with the inclu-
sion of an additional decision point after determining a result summary to be attractive; the
searcher could then make the decision to abandon the GERT if they feel satisfied with the
result obtained. This is illustrated as an excerpt of a searcher model flowchart in Figure .2,
The excerpt demonstrates the result summary Attractiveness decision point, the additional
decision point determining Satisfaction with the result, and the final decision point that

determines whether the searcher should abandon the SERD.
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4.4 Model Assumptions

® 7

Continue
on SERP?

Examine Snippet Attractive? Satisfied?

Continue?

-2 WN The interaction processes that can provide for incorporating good [SERR abandon-

ment, where a searcher satisfies his or her information need by simply examining a presented result
summary. This is opposed to bad abandonment, where the searcher will abandon a if
he or she feels the presented results are not of good quality. Upon examining a result summary
(Attractive?), a searcher will then determine if the summary addresses their information need
(Satisfied?). If so, they reach the session level stopping decision point @). Otherwise, they reach

the result summary level stopping decision point @.

However, for the work in this thesis, we assume a simple SERD consisting only of a ranked
list of results. We also assume that searchers subscribing to the [CSM will have complex in-
formation needs, as discussed in Section f.4.] above. As such, we assume that the elements
provided as part of the simplistic SERD are unlikely to fully satisfy their information need,

and thus we consider SERP abandonment in this thesis exclusively from the perspective of

LELEDERT I L This is further discussed in Section .5,
4.4.5 EICHERETald S

Given the flowchart of the CSM in Figure f£.7, it is clear that the model is completely agnostic
of external factors that could influence how an individual behaves when searching.
(2009), for example, cited that:

“searcher behavior [sic] can be governed by a number of external factors. For instance,
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the occurrences of a holiday or a project deadline will likely change the kinds of behaviors

users exhibit and these behaviors may not represent their typical behaviors.”

Kelly (2009)

These examples allude to time pressures, but there are a virtually unlimited number of
other external reasons that may influence a searcher’s behaviour. Even simple everyday
occurrences such as a phone call or an incoming e-mail can sufficiently distract the searcher
to the point that their behaviours are altered. Our assumption is that an individual searches

in a more controlled environment, where they are exclusively tasked to search.

%8 Evaluating the CSM

The [CSM is presented as a generalised, conceptual model of the search process. It captures

the key activities and decisions that a searcher must undertake. Given the current searcher

models presented in Section P.3.5, the [CSM introduces further levels of complexity and

realism into searcher models. Given our choice of search tasks, types, and assumptions,

four key assumptions are made for the evaluation of the model.

» RECSER We assume that a searcher will incur some cost when performing an indi-
vidual activity within the [CSM. For example, a document examination cost will be

incurred when a searcher decides to examine a document for relevance.

. As described previously, a searcher subscribing to the [CSM will
only abandon a BERDP if they consider it to be of poor quality. Given the complex

information needs we consider in this work, this is a reasonable assumption to make.

» BREVLERLIELEL SR Documents that a searcher subscribing to the CSM will be saved

to alist. This provides us with a mechanism of identifying content the searcher deems

relevant, which can be used in calculating performance measures (see below).
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4.6 Chapter Summary

. Following on from the above, we assume that searchers only gain

from documents they examine and save. We do not assume that a searcher will be
able to gain from the examination of result summaries, for instance — the information
need is complex, and short result summaries would be unlikely to provide an answer

to their information need.

ZN¥ Chapter Summary

This chapter has proposed the [Complex Searcher Model (CSM), our solution to partially ad-
dressing JRIEINOkM. Building on prior searcher models, the [CSM proposes different ad-

vancements to modelling a searcher’s interactions, the main development being the inclu-
sion of a new, SERD level stopping decision point. We have outlined a number of different
assumptions that we make in the CSM, and also discussed some evaluation considerations
related to the work in this thesis. Empirical work presented later in Chapter [ tests the [CSM,
providing evidence to support in that the [CSM does provide improvements over

current searcher models.

In the next chapter, we turn our attention to the twelve stopping strategies that we opera-
tionalise and subsequently implement. These then allow us to operationalise the stopping

decision points of the CSM.
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Chapter 5

Operationalised

Stopping Strategies

In Section B.2, we discussed a number of different stopping heuristics that have been defined

in the literature. In this chapter, we take a number of these stopping heuristics forward

to produce a series of different Bl lsEI{EICL [ providing an answer that addresses

SET counter T0 0 5 SCDLILILIEEIE[ES
SET k T0 3 °

-~

-

WHILE counter <= k 7 J
IF non-relevant THEN
SET counter TO counter + 1

These stopping strategies are operationalised versions of their corresponding heuristics.
This means that we can subsequently implement and evaluate their effectiveness. We con-
sider twelve different stopping strategies across seven different categories, the categories

being;:

» BRCLREOGN which assumes a searcher examines to a fixed depth — and is also con-

sidered to be our baseline approach;

IRefer to Section [ on page [[J for the definition of the research question.
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= RilHic LN, considering a searcher’s tolerance to non-relevance;

» EEEHEEIN taking into consideration how satisfied a searcher feels with what they

have found;

» RCREENEER which operationalises how different new content appears to previously

observed content;

« BIAM, which considers a searcher’s instantaneous intake;

= RAYERENGE which utilise time as a measure for stopping; and

» PUEEHNEELERTE considering an established [R measure as a stopping strategy.

In the remainder of this chapter, we consider each of the seven categories enumerated
above. For each category, we discuss the different operationalised stopping strategies that
we use for the empirical work reported later in this thesis. Before this, we begin with a brief
discussion about the different stopping decision points that were outlined in Section £.2,

and the notation used herein when describing the different stopping strategies.

S oI RIS RLINEN An open question that we have not yet addressed is that of what

stopping decision points (of three presented in Section f.2 on page [T1) we will opera-

tionalise with the stopping strategies presented in this chapter.

For the purposes of this thesis, we consider the twelve operationalised stopping strategies

purely in the context of BEHTIENTNERES TN — or considering the depth to which a

searcher will examine a list of ranked results. The stopping strategies will be examined in
tandem with SERP and session level stopping. These are left for implementation decisions

as outlined in later chapters.

S| TG SRS LTl e R I Given all of the different stopping heuristics proposed in

Section B.2 beginning on page [/§, a further open question about this work is: how do you

choose what heuristics to operationalise? Stopping heuristics were selected that we believed
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5.1 Fixed Depth

would offer good levels of performance for complex search tasks, where the onus was on the
searcher to find and learn about a particular topic. Several of the reasoning-based stopping
heuristics (such as the mental list heuristic, presented in Section B.2.2.3) were not selected

as operationalising them would have been too prohibitively complex.

EPRNER RN ECO N Each of the operationalised stopping strategies that are introduced

in this chapter comes complete with at least one stopping threshold variable, allowing one
to customise the point at which a searcher subscribing to a given stopping strategy should

stop. As demonstrated in the Presentational Conventions front matter, the notation we use

toillustrate a stopping strategy and its threshold(s) is BNGUWI-SEEAL N3] [6]R0R. As an exam-
ple, By ) GNCER denotes the fixed depth stopping strategy BEEAEIENE, set to a threshold

of 3. This stopping strategy is outlined below in Section p.1].

Il Fixed Depth

The fixed depth stopping strategy is based upon an assumption held across many of the
models and measures widely used throughout the [R community. The assumption is that
a searcher will browse to a fixed depth before stopping when examining a list of ranked
results. P@k, defined in Section P.4.1.7], is a prime example of this, and has been used in
many different studies examining the simulation of interaction. Given the wide use of this
fixed depth approach in historical and contemporary [R and [IR research, we consider this
stopping strategy as the baseline approach to which we will compare more advanced (and

adaptive) stopping strategies.

« BRAE VORGP CLELTI OB A searcher employing this stopping strategy will stop search-

ing once they have observed x; result summaries (i.e. EENEIIVENCI SN, regardless

of the relevance of each judged result summary.

SR EEVE is a naive stopping strategy as it assumes that all documents up to rank x; are
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5.1 Fixed Depth

Se rc h Sy RV EerY with a poor query Se rc h Sy RV erY with a good query

conferences in melbourne 2015 cikm 2015 melbourne
50th Annual Melbourne 2015 | ASID CIKM 2015: Welcome
https://www.asid.asn.au/conferences/past_conferences... www.cikm-2015.org/
50th Annual Melbourne 2015. Home - Conferences - Past The 24th ACM International Conference on Information and
Conferences; 50th Annual Melbourne 2015. 2015 ASID... Knowledge Management (CIKM 2015) will be held from...
The 2015 ACM SIGMOD/PODS Conference... Melbourne | CIKM 2015
www.sigmod2015.org/ www.cikm-2015.org/melbourne.php
Welcome to the home of the 2015 ACM SIGMOD/PODS... Visitors will find Melbourne an exciting city to explore.
Conference, to be held in Melbourne, VIC, Australia on May Modern architecture and design is juxtaposed with...
Melbourne | CIKM 2015 Conference Proceedings | CIKM 2015
www.cikm-2015.org/melbourne.php www.cikm-2015.org/conference-proceedings.php
Visitors will find Melbourne an exciting city to explore. SESSION: Keynote Address . Alistair Moffat. Slow Search:
Modern architecture and design is juxtaposed with... Improving Information Retrieval Using Human Assistance...
AFSAAP — Melbourne — 2015 Call for Papers | CIKM 2015
afsaap.org.au/conference/conference-2015/ www.cikm-2015.org/call-for-papers.php
21st Century Tensions and Transformations in Africa: The The 24th ACM International Conference on Information and
2015 — AFSAAP Annual Conference Proceedings — ISBN... Knowledge Management (CIKM 2015) will be held from...
The Biggest Business Conferences in... CIKM '15:Proceedings of the 24th ACM...
https://www.corporatekeysaustralia.com.au/.../your-guide-... https://dl.acm.org/citation.cfm?id=2806416
For those in the corporate world, 2015 looks set to be a big We are delighted to welcome you to the 24th ACM Interna-
year. ... Your Guide to the Biggest Business Conferences... tional Conference on Information and Knowledge...

An example of the fixed depth stopping strategy, stylised in this thesis as .

Here, a searcher has an information need for the conference CIKM 2015 in Melbourne, VIC, Aus-
tralia. The left example shows the top five results for a poor performing query, with few unattrac-

tive results (denoted by X); conversely, the right shows results for a query performing well, with

many attractive results (denoted by v). With By EIE ) GRCLE the searcher will stop at a depth

of 4, regardless of the perceived relevance of the content provided.

considered attractive enough for a searcher to consider examining in closer detail. On av-
erage, this strategy does make sense. However, on a per-query basis, this strategy appears

counter-intuitive and would be a waste of the searcher’s time.

For example, Figure p.1] demonstrates two SERP{ side by side. Given a searcher’s desire
to find pages providing information to CIKM 20158, two queries are issued. The query
on the left yields poorer results than the query on the right, denoted by the v and X that
denote relevant and non-relevant results respectively. With four result

2CIKM 2015 was a conference held in Melbourne, VIC, Australia in October 2015. The paper that initially
presented many of the different stopping strategies outlined in this chapter was presented by the author at

that conference. Refer to Maxwell et al] (2015b).
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5.2 Frustration and Satisfaction

summaries are always examined before stopping, regardless of the perceived quality of the
results. Examining four documents for the query on the results list on the left is a waste of
the searcher’s time, with lots of non-relevant material. A searcher would be better adapting

his or her behaviour depending upon the perceived quality of the ranked list.

WA Frustration and Satisfaction

We referred to as a fixed stopping strategy, as it is not adaptive. The remaining
stopping strategies presented in this chapter (with the exception of ) are con-
sidered to be adaptive as they permit a searcher to adapt their stopping depth depending
upon the result summaries that they observe in a ranked list. In this section, we propose
three adaptive stopping strategies that are based upon a searcher’s tolerance to non-relevance

and a simple goal-based approach.

WM Searcher Frustration

We first discuss how the frustration stopping heuristics are operationalised, as outlined in
Section B.Z.1.7]. Given a set of result summaries presented on a SERP, how many unattrac-
tive summaries would a searcher be prepared to examine before becoming frustrated with
the GERD, and abandoning it? This stopping heuristic attempts to address this question. In-
deed, as detailed in Section B.2, a number of researchers have proposed stopping heuristics

that consider unattractiveness.

The frustration heuristic intuitively makes sense for exhaustive searchers (Kraft and Lee,

1979). As an example, when tasked to find as many documents as possible related to differ-
ent species of animals that are endangered, becoming disgusted with the presented results
when a lack of unseen animal species are shown would be a suitable point at which to break

and reformulate a new query, or abandon the search session altogether.
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5.2 Frustration and Satisfaction

From the heuristics defined by Coopet (1973b) and Kratt and Le¢ (1979), we propose two

variants of the frustration and disgust heuristics, BSEPEININ and BSREEN[eN.
= EEPANBENCLECEEVE MO sl Under this stopping strategy, the searcher will stop

once they have observed x; unattractive result summaries.

» ISREE] N [GRRNC BICIVEL | @[« TITEl Similar to the stopping strategy defined above,

a searcher employing this stopping strategy will stop once they have observed x3

unattractive result summaries in a row (contiguously).

With these stopping strategies adaptable to the presented results, this inherently makes
the strategies more realistic (Moffat et al), 2013). Figure p.2 illustrates both strategies in

action across the same query and associated results. On the left of the figure is an illustra-

tion of when a searcher employing would stop, and on the right, an example of

SRRV We use BREVENIRRCER and BErrE\(eONeERE Under BSSYEININ, a searcher would

stop at rank 5, while a searcher would stop at rank 7 when employing BSSEE\ (68

LWWHE Goal/Satisfaction-Based

Analogous to frustration and disgust are the satisfaction, satiation and number-based stop-

ping heuristics (Coopet, 1973b; Simon|, 1955; Gibb, 1958). Rather than focus upon the frus-

tration or disgust that a searcher might experience when confronted with unattractive result

summaries, satisfaction-based stopping heuristics — explained in Section B.2.1.1] - consider a
searcher encountering a number of attractive result summaries before becoming sufficiently

satisfied with what they have found before stopping.

» SRESRLARIREELL M A searcher using this stopping strategy will stop examining

content after encountering x; attractive result summaries.

126



Search

glasgow university

University of Glasgow :: Glasgow. Scotland. UK
https://www.gla.ac.uk/

The University of Glasgow, Scotland, UK. The University of
Glasgow is a major research-led university operating in an...

University of Strathclyde, Glasgow

https://www.strath.ac.uk/
The University of Strathclyde, located in Glasgow city

centre, is a multi-award-winning UK university. We are...

Glasgow Caledonian University: Home

https://www.gcu.ac.uk/
Welcome to Glasgow Caledonian University: the University
for the Common Good.

University of Glasgow - Wikipedia
https://en.wikipedia.org/wiki/University_of Glasgow

The University of Glasgow (Scottish Gaelic: Oilthigh Gh-
laschu, Latin: Universitas Glasguensis) (abbreviated as...

Glasgow | Top Universities

https://www.topuniversities.com/
Up an impressive 29 places in this year's Best Student

Cities index, Glasgow is Scotland's largest and most...

glasgow university

University of the West of Scotland
https://www.uws.ac.uk/

University of the West of Scotland (UWS) is one of the UK's
most innovative modern universities and is ranked within...

The Glasgow School of Art

www.gsa.ac.uk/

The Glasgow School of Art is internationally recognised as
one of Europe's leading university-level institutions for the...

5.2 Frustration and Satisfaction

Search

University of Glasgow :: Glasgow. Scotland, UK
https://www.gla.ac.uk/

The University of Glasgow, Scotland, UK. The University of
Glasgow is a major research-led university operating in an...

University of Strathclyde, Glasgow

https://www.strath.ac.uk/
The University of Strathclyde, located in Glasgow city

centre, is a multi-award-winning UK university. We are...

Glasgow Caledonian University: Home

https://www.gcu.ac.uk/
Welcome to Glasgow Caledonian University: the University

for the Common Good.

University of Glasgow - Wikipedia
https://en.wikipedia.org/wiki/University_of Glasgow

The University of Glasgow (Scottish Gaelic: Oilthigh Gh-
laschu, Latin: Universitas Glasguensis) (abbreviated as...

Glasgow | Top Universities

https://www.topuniversities.com/
Up an impressive 29 places in this year's Best Student

Cities index, Glasgow is Scotland's largest and most...

University of the West of Scotland

https://www.uws.ac.uk/
University of the West of Scotland (UWS) is one of the UK's

most innovative modern universities and is ranked within...

The Glasgow School of Art

www.gsa.ac.uk/

The Glasgow School of Art is internationally recognised as
one of Europe's leading university-level institutions for the...

MR An example of the two frustration rules, BEEPENIN (left) and BEREEIN@R (right),

both three unhelpful (non-relevant) result summaries, under the same query and results. Given
that BEEPEININ considers the total number of result summaries judged to be unhelpful, a searcher
employing this stopping strategy would stop at rank 5 in the example above. Considering a set of

contiguous unhelpful summaries, a searcher using EEEEE\ (@8 would stop at rank seven.

While we consider this stopping strategy in the context of result summary level stopping,
such a stopping strategy may not be particularly useful when operationalised at this stop-
ping decision point. Consider the scenario where a searcher issues a poor query, yield-
ing next to no summaries deemed to be worthy of further examination. In this scenario, a
searcher fully complying with may struggle to find enough documents to reach
their goal. This will mean that the searcher wastes time examining poor results. Such a

stopping strategy may be better suited to an overall search goal — or at the session level
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5.3 Difference Threshold

stopping decision point. As a means of potentially avoiding a searcher becoming ‘trapped’
in an examination of a fruitless set of results, time limits could be imposed. We also consider

an additional stopping strategy to alleviate this issue, as discussed below.

WRCH Combining Frustration and Satisfaction

The next stopping strategy proposed considered a combination of both the frustration/dis-

gust and satisfaction/satiation stopping heuristics. This was named the combination heuristic

by Kraft and Lee (1979). Employing this stopping strategy, a searcher would stop either

when they became frustrated or were satisfied with the number of attractive summaries
that they had observed — whichever of the two were met first. As such, we can convert this

into a fifth stopping strategy, defined below.

SRR ee) )Y - RR eIy LI E L Rl SV LI VATLE L A searcher using this stopping

strategy will employ both frustration (disgust) and satisfaction (satiation) stopping
heuristics to determine when to stop, ceasing their examination of the GERPd contents

for the first stopping heuristic whose criterion is met.

While BSEZEVNR can be selected as the operationalised satisfaction/satiation component,

one of either BSSPENIN or BEREEINON can be selected for the frustration/disgust component
of this fifth stopping strategy. We discuss this in our general methodology in Section .4.2.6

on page [[73. Note that like BSPEINIE and BFEEINEN we include items issued from previous

queries of the same search session.

Wl Difference Threshold

The next set of stopping strategies are based upon the difference threshold heuristic, as out-

lined in Section B.2.1.2 on page B3. To operationalise this stopping heuristic, we considered
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5.3 Difference Threshold

the difference between a given result summary’s snippet text and the snippet texts of pre-
viously examined result summaries. Here, the idea was that as a searcher examined result
summaries on a SERDP, summaries may be encountered that are not sufficiently different from
what had already been observed.2 When encountering a result summary that is not suffi-
ciently different, a searcher subscribing to the difference threshold stopping heuristic will

then decide to stop examining results.

From this stopping heuristic, we devised two separate stopping strategies where the differ-
ence between snippet texts was computed in different ways. The first approach considered

the term overlap difference.

« SRR ) BRI CICH M Ml This stopping strategy compares occurrences of terms

in a given result summary’s snippet text against all terms in previously examined re-

[Scurr Usprev|

sult summary snippets. If ——

> X6, the new snippet text is then considered as too
similar to previously examined result summaries. The searcher then stops examining

result summaries on the present SERD.

Essentially, considers that if more terms overlap between old and new, the greater
the chance that the new result summary would not contain any new information. In the
definition above, s¢,;r denotes the terms of the currently examined result summary snippet,
Sprev denotes terms from all previously observed result summary snippetsf, and x¢ is the

threshold at which the searcher will stop.

The second difference-based stopping strategy utilised Kullback—Leibler Divergencd (Kull-

back and Leibler, 1951) to determine how different a given result summary is from result

summaries that have been previously examined.

3This means that searchers wouldn’t be learning anything new (Nickles, 1995), and thus, under the eyes
of such a strategy, would be wasting their time.

4 All previously result summaries could be either session-based or query-based. This is an implementation
decision, which we discuss in Section p.4.2.§ on page [73.
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o PERVAT0] R 011 CETE-T) Tl AR DT\VTGe IV -l Here, KL-divergence is used as a means for

comparing a given result summary (represented as a bag of words) against those pre-

viously observed. If the resulting value is less than threshold x7, the present result

summary is considered to be too similar, and the searcher stops. The searcher then

abandons the present SERD.

Details related to the implementation of the difference heuristic stopping strategies, as well

as the parameter threshold settings used, can be found in Section p.4.2.6.

W-:¥ Instantaneous Intake

In Section we discussed several stopping heuristics that were derived from OFT]
and [F1. The [FI}-based heuristic considers a searcher’s optimal stopping point at which a
foragerf should stop, as suggested by the underlying models of [FT|. This is calculated by
observing a searcher’s average rate of gain. If the value of knowledge gained drops below

this threshold, the searcher should stop, as graphically illustrated in Figure B.§ on page P4.

We now propose an eighth stopping strategy, this time based upon the notion of the average

rate of gain accrued by a searcher.

» ISRLE S RO EIR Gl sl With this stopping strategy, a searcher is assumed to

have some idea of the average rate of gain (denoted as xg). If the rate of gain from the
observed documents thus far does not exceed xg, the searcher then stops and proceeds

to undertake the next action as dictated by the CSM.

Computing the average rate of gain is a non-trivial problem. We leave specific implemen-
tation details of how this was achieved — along with other implementation details of the

stopping strategy — to our methodology, reported in Section p.4.2. on [[73.

5 As we discussed in Section B:3.1], a forager can be considered analogous to a searcher seeking information.

130



5.5 Time-Based

5.5

In addition to the optimal stopping point approach discussed above, Section also
outlined a number of different OFT-inspired stopping heuristics that primarily used time
as a measure of determining when to stop. From these approaches, we create two further

time-based stopping strategies.

« SRR NN ERLOERET B Based upon the time heuristic (Charles-Dominique and Mar-

tin, 1972; Krebs, 1973), a simulated searcher using this stopping strategy will abandon

a BERD after x9 seconds have elapsed since they entered it.

o BN E AR LN N M ET-RIV B Using the give-up heuristic as defined by

(1974), a searcher will abandon a presented SERI x;( seconds after the last document

that was found and considered relevant/useful (saved) to the given information need.

Given these stopping strategy definitions, BRERIILYA performs akin to BRAEEVE, in the

sense it offers a fixed interaction time on each FERD, and is agnostic of the quality of the

presented ranked list. Conversely, BEERLENARIIIAN offers a more adaptive solution similar

to BEEPAEININ and BSRERINIEN, basing the time at which the searcher stops x19 seconds after a

relevant document was last saved.

For this thesis, we also consider the combination heuristic proposed by McNair (1982). The

stopping strategy that we propose based upon this heuristic assumes that a searcher has
been able to acquire an idea of how potentially relevant summaries are distributed across

the results presented within the SERP.

« IR0 R e) LG ELTL R N N EELE I B Encountering a SERP expected to

yield a high volume of relevant content early on (high scent), a searcher will employ

the satisfaction/satiation stopping heuristic. However, if the GERD is judged to yield
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5.6 Measure-Based

_________________________

Appears
Useful?

i i Yes
High Yield SS4-SAT Examine Snippet [

—> View SERP Early?

A

SS10-RELTIME

Hls[IERMEN An excerpt of the with the additional decision point that BEEyREL®01|:8 incor-

porates within the searcher model. After deciding that individual result summaries within a
are worth examining in more detail, a searcher will then also have to decide whether the pre-
sented will yield a high number of fruitful results early in the rankings, or trickle relevant
material over greater depths (or not at all). The additional decision point and selected stopping

strategies are highlighted within a blue box.

relevant items over greater depths or is judged to be of poor quality (low scent), the

give-up time-based heuristic is used instead.

From our definitions above, is used for the satisfaction/satiation component,
and is used for the give-up time heuristic component. The combination
stopping strategy attempts to ensure that a searcher does not waste time on a SERP that
appears to offer a low yield, but conversely capitalises upon patches that present a high
yield. Of course, determining the perceived yield is a question of implementation; refer
to Section p.4.2.6 for more information on how we implemented this particular stopping
strategy. Essentially, this combination stopping strategy incorporates an additional deci-
sion point within the searcher model, where one must determine if the presented SERD is

high yield early on or not. This is illustrated as an excerpt of a flowchart in Figure p.3.

5.6

The final proposed stopping strategy is based upon an established [R measure.
Precision (RBP) — as discussed in Section .4.1.5 - is utilised as the basis of our final stopping
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5.7 Chapter Summary

strategy. Under RBD, the decision to continue to the next result in a ranked list is based
upon a patience parameter or the probability of continuing. Essentially, RBI states that the

probability of continuing decreases as a searcher progresses further down a ranked list.

« BRAPELCLAELLGEIEN NS CIGN L With this stopping strategy, a searcher will stop

examining a SERP when the likelihood of continuing falls below the RBP probability

computed at that rank, given a patience parameter x1,.

By including such a measure, we provide a platform for which contemporary [R measures
can be compared against the performance of other stopping heuristics defined in the liter-
ature. Implementation details, such as how we implemented the probabilistic component,

can be found in Section p.4.2.6.

WA Chapter Summary

This chapter has outlined 12 different stopping strategies, all of which are based upon prior
stopping heuristics and an established [R measure. As such, this chapter provides a possible
answer to . In subsequent chapters of this thesis, we take these stopping strategies
forward, discuss the specifics of how they were implemented in Section p.4.2.6 (page [73),

and how they were employed in our empirical experimentation.
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Chapter 6

General Methodology

In this chapter, we provide an overview of the general methodology we used in this thesis.
Part [IJ reports on a number of empirical contributions, where we explore how stopping
behaviours vary under different search contexts. This chapter is broken down into six main

components that we summarise below.

o NECHIEAMEIEM EN G EGEEIRAENR This involves the search context, docu-

ment corpus, topics, tasks and retrieval system used throughout this thesis.

» BUEIES LI We discuss the general methodology behind two user studies designed

to examine how different factors affect stopping behaviours.

o RIGEIEQIL RN REETE (o] ENTCNEIEN We discuss how we extracted key measures from

the interaction data obtained from the two user studies.

» BITEECHERGRL I ETGdl B Making use of the aforementioned interaction data, we
outline the methodology of an extensive series of simulations of interaction designed to

replicate the user studies.
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6.1 Context, Data, Tasks and Retrieval System

= MREMLITENLTg e ELN We evaluate the performance of simulated searchers, allow-

ing us to examine what stopping strategies offer the best levels of performance under

different search contexts.

» NENTELBEOG N Finally, we outline the approach for comparing the perfor-

mance of real-world searchers against simulated counterparts, meaning we can deter-

mine what configurations offers the closest approximations to real-world behaviours.

The remainder of this chapter is devoted to a discussion of each of these components. We
tirst begin with a discussion of the basic setup of our experiments, considering the retrieval
system and document collection used. We also consider the basic instructions that we issued

to subjects of our user studies, such as the simulated search task that we employed.

Wl Context, Data, Tasks and Retrieval System

The context for all experiments reported in this thesis is We employ a widely

used corpus of news articles and associated topics, with queries issued against the retrieval

system described in Section p.1.2.

Given the context of news search, we employ a simulated work context with which subjects —

both real-world and simulated — conform to. As outlined by Borlund and Schneider (2010)

and Li and Hu (2013), simulated work contexts are designed as close as possible to the situa-

tions facing real searchers, and thus provide the context that elicits a searcher’s interactions
with a retrieval system. Subjects who participated in our user studies were instructed to
imagine that they were newspaper reporters. They were required to identify articles to
write stories about topics provided to them (refer to Section p.1.3). Depending upon the
search task given to the subjects, subjects would then save articles that they believed were

relevant to a given topic — or were relevant, and discussed a new aspect of the said topic.!

IRefer to Section p.2 for further details on the different goals that we imposed upon searchers.
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6.1 Context, Data, Tasks and Retrieval System

SR Document Corpus

Under the context of news search, we employed a corpus of newspaper articles. The TREQ
AQUAINT corpus was selected for all experimentation work in this thesis. The corpus con-
sists of a total of 1,033,461 news articles (referred to as documents) from the period ranging
1996-2000. All of the documents were collected from three newswires, namely: the Associ-
ated Press (AP); the New York Times (NYT);, and Xinhua (XIE). The AQUAINT corpus was
used as it has been extensively used in prior research. Studies include for example: Collins
Thompson et al] (2004); Otfoghi et al! (2006); Baillie et al! (2006); Azzopardi and Vinay (2008);
Kelly et al! (2009); Azzopardi et all (2013); Maxwell and Azzopardi (2014); Harvey and
Pointon| (2017); Yang and Fang| (2017)); and Wilkie and Azzopardi (2017). Basic corpus statis-

tics can be found in the illustration below.

Number of niqueTerms 707,778 || Total Number of

Documents in Corpus Terms in Corpus

Mean Document Length (terms)

1,033,461 275 284,597,335

6.1.2 EUEEIRSE

The AQUAINT corpus was then indexed using the Whoosh [R Toolkit2 We applied Porter
stemming and removed stopwords as per the 421-term classical stopword list by [Fox (1992).2
During the indexing process, we also removed documents with duplicate titles. With doc-
uments originating from newswires, we found many occurrences of documents with the
same title. Documents discussing ongoing events were continually revised as new informa-

tion about the event arose. For documents with duplicate titles, we retained the document

2Whoosh can be freely acquired using the pip Python package manager (via PyPi) — documen-
tation for Whoosh can be accessed at http://whoosh.readthedocs.io/en/latest/intro.html.

LA 2018-05-18 The corpus was indexed with Whoosh 2.7.4.
3More information on the indexing process can be found in Section F-2.1.
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6.1 Context, Data, Tasks and Retrieval System

with the latest timestamp. This document represented the final version of the published

article, containing the most recent or up-to-date information.

From the indexing process, a 3.8GB index was produced. The index contained a total of
959, 678 indexed documents. The Whoosh [R toolkit was employed to issue queries against
the index. All ranked results for queries were computed with BM25, where § = 0.75 and
k1 = 1.2 (refer to Section P.2.2.3 on page B§). Terms in all issued queries were ANDed together
to restrict the set of retrieved documents to those that contained all of the query terms. This

decision was also taken as many retrieval systems implicitly AND terms together.

Five topics were also selected from the 50 provided in the TRE({ 2005 Robust Track (as used
with the AQUAINT collection) as outlined by Voorhees (2006). These topics were used
throughout experimental work reported in this thesis and were selected based on evidence
from a previous user study (of similar nature) conducted by Kelly et al] (2009). Evidence
showed that the topics offered similar levels of difficulty. The five topics, along with a short
description of what constitutes a relevant document, are listed below. These summaries are
derived from the [RE( topic descriptions that are provided as part of the TRE( 2005 Robust
Track. Figure p.]| provides an illustration of the five topics, along with their descriptions.
In addition, Table p.]| provides basic summary statistics of the number of non-relevant and
relevant! documents that were identified by the [[REQ assessors. The remaining 45 topic

descriptions are not used.

n L oI(RC TN BN go Tl g @Y1l For this topic, relevant documents discuss additional

security measures that were taken by international airports around the world. Rel-
evance is only denoted when a document discusses measures that go beyond ba-

sic passenger and carry-on luggage screening. For example, AQUAINT document

4The [TREQ 2005 Robust Track uses graded judgements for relevant documents; these are identified as
somewhat (1) and definitely (2) relevant.
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TREC Robust Track 2005
Topic 341

Airport Security

A relevant document would discuss
how effective government orders to
better scrutinise passengers and lug-
gage on international flights and to
step up screening of all carry-on bag-
gage has been.

A relevant document would contain
reports on what new steps airports
worldwide have taken to better scru-
tinise passengers and their luggage on
international flights and to step up
screening of all carry-on baggage

TREC Robust Track 2005
Topic 408

Tropical Storms

6.1 Context, Data, Tasks and Retrieval System

TREC Robust Track 2005
Topic 347

Wildlife Extinction

The spotted owl episode in America
highlighted U.S. efforts to prevent the
extinction of wildlife species. What is
not well known is the effort of other
countries to prevent the demise of
species native to their countries.
What other countries have begun ef-
forts to prevent such declines?

A relevant item will specify the coun-
try, the involved species, and steps
taken to save the species.

&

Topic 435

TREC Robust Track 2005

TREC Robust Track 2005
Topic 367

What modern instances have there
been of old fashioned piracy, the
boarding or taking control of boats?

Documents discussing piracy on any
body of water are relevant. Docu-
ments discussing the legal taking of
ships or their contents by a national
authority are non-relevant. Clashes
between fishing vessels over fishing
are not relevant, unless one vessel is
boarded.

S

&

Curbing Population Growth

What tropical storms (hurricanes and typhoons) have
caused significant property damage and loss of life?

The date of the storm, the area affected, and the extent of
damage/casualties are all of interest. Documents that de-
scribe the damage caused by a tropical storm as "slight",

"limited", or "small" are not relevant. .

What measures have been taken worldwide and what
countries have been effective in curbing population
growth?

A relevant document must describe an actual case in which
population measures have been taken and their results are
known. The reduction measures must have been actively
pursued; that is, passive events such as disease or famine
involuntarily reducing the population are not relevant.

(] . °
;Ii i E’ ++ I w’++ |-.++ I‘ i ++ i + i‘

TN The titles and descriptions of the five topics used in experimental work. Topics
are extracted from the 2005 Robust Track, as outlined by Voorhees (2006)). Descriptions

provide an explanation as to what constitutes a relevant (and often non-relevant) document.

NYT19980616.0123 discusses San Francisco International Airport’s attempts at intro-

ducing a robot sniffer, attempting to look for nitroglycerine in luggage.

M Topic 347

UGN SGAL e LB This topic concerns wildlife extinction, and what ef-

forts have been taken by countries other than the U.S. to counter the decline in en-

dangered wildlife. Relevant documents would explicitly mention the country, the

species concerned, and the efforts the state or other governmental agency took to pre-

vent a decline in numbers. For example, document XIE20000531.0205 discusses the

breeding programme undertaken by China to bolster the number of Siberian Tigers.
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IELIENGRIR Basic statistics for the five topics selected, including the number of documents

I

judged to be relevant (with graded judgements) and explicitly non-relevant by the assessors.

m TREC Relevant
33 4 37

Topic 341 617 580

Total

Topic 347 665 500 22 143 165
Topic 367 621 526 11 84 95
Topic 408 685 502 57 126 183

Topic 435 707 555 98 54 152

[ I[ VAR T4 Instances of modern piracy are considered relevant to this topic —

not in the sense of software piracy, but the act of a water going vessel being boarded by
individuals wishing to hijack it. Document APW19980601.1065 provides an example
of this — the Petro Ranger, a large fuel tanker, was boarded by pirates in 1998 in the
South China Sea. To be relevant to the topic, the name of the vessel and the body
of water it was hijacked on must be mentioned — those discussing instances of when

states intercepted vessels are not relevant.

n oI T0 I R (ol 1Y oIl Documents discussing major tropical storms are rele-

vant, where the storm is reported to have caused significant damage and a large num-
ber of casualties. This is a particularly timely topic for the document corpus consid-
ered, as the 1998 hurricane season in the Caribbean has been reported to be one of the
most costly in history.B For example, document APW19980921.1265 discusses the
effects on Puerto Rico of Hurricane Georges in September 1998, leaving three dead,

many houses damaged, and thousands homeless.

>This is reported by the US National Oceanic and Atmospheric Administration (NOAA), as seen at http://
www.outlook.noaa.gov/98hurricanes/. LA 2018-05-18
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6.2 User Study Methodology

o PR e T ol LT ELIL NEI(INON The final topic considers efforts that have

been made by countries around the world to stem the ever-increasing human pop-
ulation. Documents discussing this issue are only relevant to the topic if the results
to a case have been made public, and a reduction in a country’s population has been
actively pursued. The document must mention the country and the measures that the
state or governmental agency pursuant to bring about a fall in population. As such,
events like famines that resulted in a fall in the population are not relevant. A perhaps
well-known example of a country pursuing a reduction in its population is the Chi-
nese one-child policy, enacted in the late 20 century. DocumentNYT19981031.0070
discusses the Chinese government’s efforts to curb its expanding population at the

time, with sexual education and heavy financial penalties for additional children.

For all user studies reported in this thesis, we selected topic =LY practice topic |

permitting participating subjects to familiarise themselves with the experimental system
used. We therefore do not report any results from interactions that took place with this
topic when reporting the user studies. In the next section, we outline the different search

tasks that were undertaken by subjects of the user studies.

WA User Study Methodology

Using the aforementioned corpus, retrieval system and topics, we now move onto a discus-
sion of the common methodology employed across the two user studies. These are detailed
in Chapters [] and §. While intricate details of each study’s methodology do indeed vary
(such as a summary of the subjects that were employed), these are nevertheless common

components. These are discussed in this section. As a reminder, the two studies examine:

» the length (and thus quality) of snippets presented in result summaries are varied

(Chapter [, conducted between July and August 2016); and
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» the overall search goal (time constraints vs. relevancy accruement) and task goal (ad-

hoc vs. aspectual) are changed (Chapter B, conducted in January 2018).

Specifically, the methodology used for these studies allowed us to determine how the stop-
ping behaviour of a searcher varies when these conditions and interfaces were varied. We
discuss the specific interfaces and conditions that we trialled in subsequent chapters of this

thesis.

Both user studies were undertaken using a custom built experimental framework called
TREConomics.B The pure-Python framework has been developed over a number of years.
It permits for straightforward deployment of [IR-based studies that have examined a vari-
ety of different aspects. It has been successfully used in a number of prior works, includ-
ing those by: Azzopardi et al! (2013); Maxwell and Azzopardi (2014); Kelly and Azzopardi

(2015); Edwards et all (2015); and Crescenzi et al! (2016)).

W Experimental Details and Flow

Each user study was designed to last for 45 to 50 minutes, which included the completion of
requested search tasks and surveys. Both experiments followed a similar structure, where
subjects would complete a number of surveys before beginning a search task, and were
then asked to complete a further survey after they had finished their task. These surveys,
as discussed in Section p.3.4, permitted us to gather a series of usability measures (refer to
Section [.4.7) about the perceived experiences that subjects had when interacting with the

various interfaces and conditions that were trialled.

The basic structure of both user studies was as follows.

@ Subjects began by reading the experiment briefing sheet. If they approved of the ex-

perimental outline, they then agreeing to continue.

6TREConomics can be accessed at https://github.com/leifos/treconomics. LA 2018-05-15
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@ A demographics survey was then completed.

€© Subjects then attempted the practice task, using the practice topic. This allowed subjects

to familiarise themselves with the system and its interface.

@ Subjects would then complete the various search tasks set out for them. Each task

consisted of three steps:

- a pre-task survey, capturing a subject’s prior knowledge about the topic;
— the search task itself; and

- a post-task survey, capturing the subject’s experiences regarding searching for

information about the given topic.

© Upon completion of the required search tasks, subjects would then respond to a post-
experiment survey. In this survey, subjects were asked general questions about their

experience across all the different tasks.

@® Finally, upon completion, subjects would be presented with a results screen, provid-
ing a summary of their performance. Performance for each subject was presented on
a per-task basis. When the subject proceeded to the next step, they were presented

with a message informing them the experiment has concluded.

Subjects undertook a total of four search tasks. For each of these tasks, different interactions
and experiences were captured by the TREConomics framework. Including the practice task
at the beginning of each experiment, this took the total number of search tasks per subject
up to five. Following a the four search tasks — each using a
different topic as described in Section p.1.3 — permitted us to trial one of the four experimen-
tal conditions/interfaces in each study. The topics and interfaces/conditions were assigned
to subjects using a Latin-square rotation to minimise ordering effects. A within-subjects
design increases the statistical power — the number of “subjects’ is higher than a between-
subjects design. Limitations of such a design include issues such as fatigue. Attempts were

made to limit this by being mindful of the time required.
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WWH Experimental Search Interface

In this section, we discuss the experimental search interface that was used by subjects of
the user studies? The interface would be familiar to anyone who had used a web-based
retrieval system, meaning that the learning curve for using the interface would most likely
be low. Upon commencement of the experiment, the interface would launch in a fixed-size

popup window (refer to Section p.2.4.3) of the web browser being used.

The interface consists of three main views, the two most important being shown in Fig-

ure p.2. The views were:

= the [Search Engine Results Page (SERP), presenting the query box and results for an

issued query;
» the document view, providing the full text of a document; and

» the saved documents list, providing a list of the documents that each subject had saved

during the search session.

In addition to the three views above, we also provided a topic view, which, when requested,
would open a further popup window that contained a description of the topic. This was to
serve as a reminder. Subjects were provided the topic description in full before the search

task began.

Common to all views was the inclusion of the blue navigation bar at the top of the popup
window. As we discuss further in Section p.2.4.3, this bar was included to provide a series of
different navigational links. Such an example would be on the document view page, which
contained a link to return to the originating GERD. Where applicable, we also provided a

link for the subject to end the search task if he or she felt that they were satisfied.

7Slight modifications to the search interface were made to the goal-based study, as we discuss in Sec-

tion B:Z.]] on page E50.
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ece NewsSearch ece NewsSearch
@ 9]
News Search System Study Viow Saved | Show Task | End Task News Search System Study Back to Resuts | View Saved | Show Task | End Task
Enter your query here | wildlife extinction Search
Rare Grouse Confirmed Extinct in Backta Resutts

Northeast China
Search Terms: wildlife extinction Showing page 1 out of 39 pages.
Rare G Cont Extingt in North Chi
of grouse living in frigid zones is extinct in China. The extinet spruce grouse, belonging to
the...of China. Yu aliribules the extinction of the bird o fewer
Xinhua News Service HARBIN, April 11 (Xinhua) — Chinese experts havd

" . . kind of grouse living in frigid zones is extinct in Chin
British bumblebes extinat; others species likely to follow - Back to Results
crcz?turi:s on the fund's soon-to-be-extinet list are protected by...of species and projecting their The extinct spruce grouse, belonging to the sped
extinction dates over the next 20 years. The B ~ o
Asscriated Press Worldwide News Service inhahits coniferous forests In figid 2onae.
Venezuela Declares 42 Species in Danger of Extinction During a five-year investigation, researchers seal Save
Declares 42 Species in Danger of Extinction CARACAS, August 16 (Xinhua) --...the mammals habitats in China of spruce grouse but found non

in danger of extinction are the giant cachicamo, Margarita and expert with the Heilongjiang Research Institute of Wi
Xinhua News Service

Xinhua News Service 2000-04-11

s[NP Example screenshots of the basic search interface used as part of TREConomics.
On the left is a screenshot of typical experimental for the query wildlife extinction.
The right shows the document view, showing the option for subjects to Save a document that

they consider relevant to the given topic. Buttons on the document interface are zoomed.

6.2.2.1 RLERNENE

As can be observed from the left screenshot in Figure p.2, the SERI does not look all that
different from a SERF on a contemporary web retrieval system — sans right rail components,
the lack of which we discussed previously in Section £.3.2.1. The experimental SERH pro-

vides the query box at the top, allowing subjects to enter their query term(s), and a button

to submit their query, named Search. The |« | key could also be used to submit a query,

as is standard in contemporary retrieval system interfaces.

Once submitted, results were displayed underneath the query box. The issued query was
provided, along with an approximation of how many pages of results were provided to the
searcher from a given query. This hints that pagination is utilised — with 10 results per page
shown. At the bottom of each FERH were links that would allow the searcher to move to

the previous and next page of results.

‘ Prev. Page } L Next Page
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Result summaries were shown as discussed in Section £.3.2.1]. The title, the source, and any
snippet text were all provided. Given that the experiments were based on news search, the

source is the name of the newswire from which the document originates.

Chinese expert says South China tiger may be extinct in wild

...be too few to save the species from extinction, a Chinese wildlife expert said Thursday. The last...
in May 1996, a report by the World Wildlife Fund for Nature said fewer than 50...

Associated Press Worldwide News Service

Unvisited Link

Visited Link

Chinese expert says South China tiger may be extinct in wild

...be too few to save the species from extinction, a Chinese wildlife expert said Thu he last...
in May 1996, a report by the World Wildlife Fund for Nature said fewer than 50...

Associated Press Worldwide News Service

When a subject clicked on the link, he or she would then be taken to the document view
(discussed below), displaying the associated document in its entirety. Standard hyperlink

colours were employed — blue for unvisited, and purple for visited.

6.2.2.2 B AR

The right screenshot in Figure p.2 illustrates the document view. The view provides the
title, the document source (newswire), the date at which the document was created, and
the full text of the document. On the right rail of the page, subjects were provided with two
buttons — one to return them to the originating SERD, or another to V=N the document.
The act of saving a document is a crucial component to both studies we discuss in this
thesis. It provided us with a mechanism to determine what documents that subjects thought
were relevant to the associated topics. From there, we could also use this series of saved

documents to calculate a subject’s performance.

6.2.2.3 BUEREVEC I E SRR

The third key view allowed subjects to view a list of documents that they had previously
saved as relevant to the given topic. This list of documents also provided buttons allowing

subjects to change their decisions as to what constituted a relevant document.
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2016-07-07 19:03:02,512 INFO <USERID> @ 4 4 408 SEARCH_TASK_COMMENCED

2016-07-07 19:03:02,545 INFO <USERID> @ 4 4 408 VIEW_SEARCH_BOX 1

2016-07-07 19:03:03,131 INFO <USERID> @ 4 4 408 QUERY_FOCUS

2016-07-07 19:03:07,106 INFO <USERID> @ 4 4 408 QUERY_ISSUED 'tropical storm damage'

2016-07-07 19:03:07,115 INFO <USERID> @ 4 4 408 QUERY_START 'tropical storm damage'

2016-07-07 19:03:07,318 INFO <USERID> @ 4 4 408 QUERY_END 'tropical storm damage'

2016-07-07 19:03:07,326 INFO <USERID> @ 4 4 408 QUERY_COMPLETE 'tropical storm damage'
2016-07-07 19:03:07,334 INFO <USERID> @ 4 4 408 SEARCH_RESULTS_PAGE_QUALITY 1 0 10 6

2016-07-07 19:03:07,342 INFO <USERID> @ 4 4 408 VIEW_SEARCH_RESULTS_PAGE 1

2016-07-07 19:03:10,355 INFO <USERID> @ 4 4 408 DOCUMENT_HOVER_IN 7309 XIE19960728.0162 129 -2 2
2016-07-07 19:03:11,333 INFO <USERID> @ 4 4 408 DOC_CLICKED 7309 0 -2 -2

2016-07-07 19:03:11,353 INFO <USERID> @ 4 4 408 DOC_MARKED_VIEWED 7309 XIE19960728.0162 129 -2 2
2016-07-07 19:03:18,020 INFO <USERID> @ 4 4 408 DOC_MARKED_RELEVANT 7309 XIE19960728.0162 129 1 2

A INRR An excerpt from the interaction log of the user study presented in Chapter [7. A

sequence of interactions are shown that were logged by the TREConomics framework.

WHCH Capturing Interactions and Survey Responses

In addition to the interface, the TREConomics framework provided extensive logging ca-
pabilities to capture a variety of different events triggered by subjects as they performed
search tasks (with survey responses saved separately to a RDBMS). This resulted in the
generation of an experiment log file, capturing the date, time, searcher and topic for each
event that was logged. Figure p.3 provides an anonymised excerpt from the interaction log

of the user study presented in Chapter [1.

The figure illustrates the different actions that were logged from when a searcher begins in-
teractions with the query box (QUERY_FOCUS), to issuing a query (QUERY_ISSUED, complete
with the terms of the query), to clicking a document (DOC_CLICKED), and, finally, to sav-
ing the document (or considering it relevant to the given topic, DOC_MARKED_RELEVANT).
A detailed discussion of the different behavioural measures that we examined from the

interaction log is detailed in Section p.3.

WM Crowdsourcing Considerations

An important factor in planning any user study is the economics of collecting input from

subjects. Where do the subjects come from? How do we recruit them? A traditional, lab-based
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study as discussed in Section P.3 typically involves a significant investment in time and
monetary cost from the researchers conducting the experiment (Spool and Schroeder, 200T).
For both user studies previously detailed, we employed a approach to our
experimentation. Crowdsourcing is the practice of obtaining input into a task by enlisting

the services of a number of people, recruited over the Internet.

As highlighted by Zuccon et all (2013), crowdsourcing provides an alternative means for
capturing user interactions and search behaviours. Greater volumes of data can be ob-
tained from more heterogeneous workers at a lower cost — all within a shorter timeframe.
Of course, pitfalls of a crowdsourced approach include the possibility of workers complet-
ing tasks as efficiently (but not effectively) as possible, or submitting their tasks without

performing the requested operations (Feild et al}, 2010).

Despite these issues, it has been shown that there is little difference in the quality between
crowdsourced and lab-based studies (Kelly and Gyllstrom, 201T; Zuccon et al), 2013). Nev-
ertheless, quality control is a major component of a well-executed crowdsourced experi-
ment, with examples in a similar research area including work by Kazai et al] (2011) and

Crescenzi et al] (2013).

Using crowdsourcing for the two user studies, we detail in the remainder of this section the
precautions that were taken, discussing both the requirements for the subjects themselves,

and their device’s setup. We also provide a discussion of the crowdsourcing platform used.

6.2.4.1 EERGIMIPEETS

Both studies were run over the [Amazon Mechanical Turk (MTurk) platform. Workerst from

the platform each performed a single task (or, to use MTurk terminology, a Human Infelliq

Rence Task (HIT), with a single HIT] corresponding to the entire experiment. This is in con-

8In this section, a worker refers to an individual undertaking the experiment on the MTurk platform. This
term is considered interchangeable with a subject.
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trast to many other crowdsourced studies, where workers would typically undertake small
(typically decision-based) HIT| transactions. This decision was taken so that the experiment

would closely resemble a laboratory-based experiment.

WX WA Subject Requirements

Due to the expected length that workers would take to complete the two studies?, workers
who completed either study in full were reimbursed for their time with US$9 — greater
than the hourly US$7.25 minimum wage set by the U.S. federal government.™d Workers
interested in undertaking either of the two studies were required to meet a minimum set of

criteria to be eligible to participate. We required that workers were:

« from the U.S,;

» native English speakers;

possessed a HIT| acceptance rate of at least 95% (from prior experiments); and

» had at least 1000 prior HIT§ approved.

Requiring a high HIT| acceptance rate reduced the likelihood of recruiting workers who
would not complete the study in a satisfactory manner. Recruits were forewarned about
the length of the [HIT|, providing them with a chance to abandon the experiment if they felt

the anticipated experiment time was too long to their liking.

WX BCW Technical Requirements

Given worker limitations, we also enforced a number of technical constraints. Workers

attempting each experiment were required to be either using a desktop or laptop computer

9Note that two different sets of workers were used — the studies were run at different times.
19This was correct at the time of writing; value acquired from the U.S. Department of Labor at https: //www.

dol.gov/whd/minwage/america.htm LA 2019-02-25 .

149


https://www.dol.gov/whd/minwage/america.htm
https://www.dol.gov/whd/minwage/america.htm

6.3 Extracting User Study Data

with a screen sufficiently large enough to display the experimental interface without having
to resort to excessive scrolling. This also ensured a consistent number of result summaries
would be present on different worker’s screens. As such, we imposed a minimum display

resolution of 1024 x 768 for both studies.

Conducted through a web browser, we wanted to ensure that only the controls provided
by the experimental apparatus were used, meaning that the popup window that we pre-
sented in Figure p.2 had all other browser controls disabled to the best of our ability (i.e.
browser history navigation, etc.). The experimental system was tested on several major
web browsers (including Google Chrome, Mozilla Firefox, Apple Safari and Microsoft Edge),
across different operating systems (including Microsoft Windows, Apple macOS and several
Linux distributions, focusing on Ubuntu). This gave us confidence that a similar experience

would be had across different system configurations.

Wl Extracting User Study Data

As discussed in Section the TREConomics framework provided the necessary infras-
tructure for us to log the various interactions and capture survey responses from each indi-
vidual subject across the two user studies trialled. In this section, we provide details on the
different aspects that we subsequently used to evaluate searcher behaviours, performances
and user experiences. Figure p.4 provides a graphical illustration of how we split these

various aspects into four distinct categories.

The first three categories can be extracted directly from the interaction log that recorded
different interactions by each subject as they progressed throughout each experiment. The

categories we considered are listed below.

. measures capture the broad interactions that take place, such as the

number of documents that a searcher examined in detail.
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T408 QUERY_FOCUS | i

T408 QUERY_ISSUED ‘tropical storms’ * Performance : 9 User Experience
T408 QUERY_COMPLETE ‘tropical storms’ |

T408 VIEW_SERP 1 . ,

T408 DOC_HOVER_IN 7309 9\/ P@10 | What interface produced
T408 DOC_CLICKED 7309 TREC summaries that were the most
W & reercctiverecsion | reoddtletoyow?
T408 VIEW_SERP 1 : )

T408 DOC_HOVER_IN 8017 A I O Title only

T408 DOC_HOVER_OUT 8017 Log :

T408 QUERY_FOCUS | O Title + 1 snippet

k Interactions 4—A = o Time-Based [l @ Title + 2 snippets

| O Title + 4 snippets
O‘ Number of Queries Issued O‘ Time per Query . PP

|
Depth per Query . : \’ -
lé& (Average Stopping Depth) D Time per Document |

I[N Anillustration of the different types of measures that are captured, and from what

sources. Interaction, time-based and performance measures are derived from the user study ex-
periment log (with used in conjunction with the interaction log to compute a subject's

performance). User experience metrics are collated from a number of different surveys.

. measures could then be extrapolated, with aid of [REC [QREL{ to as-

certain the performance of subjects.

. measures can also be derived from directly examining the interaction

log, measuring the time spent between different logged interactions.

In addition to these categories, we also considered a number of measures
that were derived from a series of surveys. As highlighted in Section surveys were
presented to subjects at anumber of different stages throughout the experiment. In conjunc-
tion with the three log-based categories defined above, the user experience measures could
be used to complement the empirical evidence to test whether the interactions of subjects

actually correlated with their perceived experiences.

In all, the interactions (including aspects such as clicks and time-based measures) were used
as a grounding for our subsequent user simulations of interaction. How we grounded these

simulations is discussed in Section p.4.2. The grounding was undertaken in conjunction
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with an analysis of the interactions recorded, examining how stopping behaviours varied

under different interfaces and conditions.

6.3.1 EEGEVIEE N EERITES

Recorded solely from interaction log data, the basic interactions covered a large propor-
tion of the aspects we considered in our analyses. The key behavioural measures that we

examined are listed below.

. The number of queries that had been issued by subjects.

. The number of documents that were examined (viewed).

. m The number of FERPS that were examined.

. The depth to which subjects clicked on (and hovered over) result

summaries on the associated FERPS.

From these measures, we could ascertain whether searcher behaviours varied when a cer-
tain condition or interface was changed — allowing us to address questions such as: whether
snippet length affects the depth to which subjects examine content? To compute depths, click and
hover depths were used — we however only report click depths in subsequent chapters. The
reasoning for this is discussed in Section below. All of the aforementioned measures
were computed on a per-session basis. Means and totals for each measure were computed

for each session (where appropriate).

6.3.2 BHNGEEEEN R EENI S

As discussed in Section —and also illustrated in Figure p.3 on page [[47, each logged

interaction was saved with a timestamp which allowed us to determine when each event
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occurred.® With these timestamps, we could measure the time between two associated
events, thus yielding the time taken to perform a given activity. We considered five key
time-based measures across both user studies. These are enumerated below, along with a

description of the log events.

. m This measure considered the time spent by a searcher issuing queries to
the retrieval system. This was captured from the point at which the searcher focuses
upon the query box (QUERY_FOCUS) to the point at which the query was submitted
(via the QUERY_ISSUED event, either by pushing the Search button, or the subject
hitting \:} on their keyboard).

. This measure considered the total amount of time that a searcher
spent on a given SERD. This was captured as the point at which the subject was pre-
sented with the SERD itself (VIEW_SEARCH_RESULTS_PAGE) to the point at which they
left — either through the issuance of a further query, clicking on a document hyperlink,

or navigating to one of the other views of the experimental interface.

- IEHIININEEEN As discussed below, this was the mean time spent by a sub-

ject examining individual result summaries on a given SERD. This was included

within the SERD content time.

. This measure considered the time a subject spent on the document view.
This was captured as the point at which the document was presented on the subject’s
screen (DOC_MARKED_VIEWED) to the point at which they left, which, like the SERP

content time, could be determined from a number of different events, such as the

event logged when returning to a SERP (VIEW_SEARCH_RESULTS_PAGE).

The fifth time-based measure that we considered in our reporting of results was an amal-

gamation of the four listed above.

I Timestamps were saved to the nearest thousandth of a second, as per the specification of the standard
Python logging framework — refer to https://docs.python.org/2/howto/logging-cookbook.html

LA 20718-05-29 for an example of the framework in action.

153


https://docs.python.org/2/howto/logging-cookbook.html

6.3 Extracting User Study Data

» BRI I EN The total session time was the addition of each of the times mea-

sured above. This was essentially the same as from the very first QUERY_FOCUS event
to the TASK_COMPLETED event, which is either triggered by an interface timeout (Chap-

ter [/)), or the subject ending the task herself or himself (Chapter §).

It should be noted that in this thesis RYERE sl dE] K TETCHERGBILLGEN. We considered a

number of different options when measuring each of the above. For example, querying time
is measured only as the time the searcher spends interacting with the query box. Subjects
may well have spent longer considering what terms to enter, perhaps as they were browsing
existing content. However, this could not be captured; our logging tools were not capable

of capturing this additional time.

A further option used was the time per result summary. This was computed by dividing
by the click depth reached on a given FERD by the duration between the first hover event,
where the subject hovered his or her cursor over the <div> container of a result summary,
and the time at which they left the GERD. The first hover event was chosen as it was deemed
to be a good indicator of the beginning of interaction with result summaries. The mouse
cursor has been shown in prior studies to correlate strongly with the subject’s gaze on the
screen (Chen et all, 2001; Smucker et al), 2014). However, issues with network latency meant
that several of the hover events were logged in the incorrect order, making the approach
of measuring each individual HOVER_IN and HOVER_OUT event unreliable. Using the click
depth and total SERD time provided us with a value with which to work. The approach also
assumes that subjects examined each result summary on a SERP up to a particular depth,
spending an equal amount of time examining each. This was sufficient for the work in our
studies to ascertain whether or not a variation in the task goal or presentation of results

affected the depths to which subjects examined results.

These time calculations and approximations were also used as a means for providing ground-
ing to the simulations of interaction, as we discuss later in Section p.4.2.1]. It should also be

noted that the time per interaction could also be computed, such as the time per query. This
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was simply considered as the summation of the querying time across the entire session, for
example, divided by the total number of queries issued. The same principle could be ap-
plied for the per time and the per document time by substituting querying with SERD

and document times respectively.

In conjunction with behavioural and time-based measures, we were also able to extract a
number of different performance measures from the interaction logs.2 Key performance

measures that we captured included:

o NCEAAE e G EN TN, primarily measured with P@10 (although additional P@k val-

ues are reported); and

o BINEEEAERIEEHGELREE]R (as discussed in Section £.4.2.7)), including;:

— the number of documents saved (identified as relevant); and

— the number of those documents that were [[RE({ relevant (and vice-versa).

A R-B Demographics and User Experience Surveys

A number of surveys were also filled out by subjects. These captured different information
about each searcher’s individual search experiences. While there are similarities between

what is asked (refer to Sections [/.2.1| and B.2.1.5 for further details), we provide in this sec-

tion a high-level overview of the different surveys, before examining questions that were
common between the two studies. Below, we outline the demographics, pre- and post-task

surveys, and post-experiment surveys — provided in the order of the experimental flow de-

tailed in Section p.2.1].

1250me measures were computed with the trec_eval evaluation tool, discussed in Section EZ3.1.1.
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RN M Demographics

Details in keeping with general demographics were attained about the different subjects
from this survey. These included: the subject’s age; gender; their present occupation; and
their highest level of professional qualification (from either high school, Associate’s degree,

Honours degree, MSc of PhD).

In addition to these basic questions, we also asked several questions pertaining to their

perceived search proficiency. Questions included:

» how often they searched for information;
» what pointing device they were using (i.e. mouse, trackpad); and

» their preferred general purpose web retrieval system.

Considering that both of the user studies instructed subjects to imagine they were news-
paper reports (and search a collection of news articles), we also asked them how often that

they explicitly searched for news articles online.

Between both user studies, we asked the same questions within the pre-task survey. Sub-
jects were provided with a short description of their search task and a topic description,
which in turn provided their information need for the said task. After examining the topic

description, subjects were then queried on the following:

= how well they knew about the topic prior to this study;
= how relevant the topic was to their life;
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» how interested they were to learn more about the topic;
= whether they had searched for information related to the topic before; and

» how difficult they felt it would be to search for information on the topic before com-

mencing the search task.

Responses were provided on a seven-point Likert scale, providing the option for neutral-
ity between the two extremes — extremes being nothing/not at all/very difficult to lots/very
much/very easy. Responses to these questions helped us gauge the perceived difficulty of

the task, and ascertain how much background knowledge could potentially affect results.

CRCW-WW Post-Task and Post-Experiment

Post-task and post-experiment surveys were unique to each of the two user studies. Sec-

tions[/.2.] and B.2.1.5 provide further information on what questions were asked. However,
the post-task surveys focused on how well the subjects thought they (and the retrieval sys-
tem, under the given condition and/or interface) performed during the search task. Post-
task surveys considered the experiment as a whole, asking questions about what condition

and/or interface the subjects preferred, or performed better, for example.

W:8 Simulating Searcher Behaviours

With the general layout and components of the two user studies explained, we now con-
sider how we simulated searcher behaviours. The simulation of interaction provides a low-
cost means of exploring a variety of different searcher strategies and configurations (Az
zopardi et al), 201T). In this section, we provide an overview of the general aspects of the
searcher simulations, which are reported in the later chapters of this thesis. In

this section, we discuss:
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» how our simulations were grounded; and

= how we instantiated the different components of the [CSM defined in Chapter f for

our simulation experiments.

We conclude the chapter with a discussion as to how we evaluate the results from our sim-
ulations, allowing us to determine what stopping strategies offer the best overall perfor-
mance and approximations of real-world searcher behaviours. This is done in considera-
tion of the two user studies discussed in Chapters [] and §. By grounding our simulations
with data derived from the two aforementioned user studies, we can then obtain an insight

into how searcher stopping behaviours vary under different contexts.

L CERUEELREEICGET® Comparisons between simulated searchers and the results of real-

world searchers are made between the average behaviours observed. This average behaviour
is considered across each of the different experimental interfaces and conditions that we trial

across the two user studies, discussed in Chapters [] and §. This consideration:

= simplifies and reduces the number of simulations that are required to be run; and

» provides a simple overview of how stopping behaviour varies across each interface

and condition, rather than across each individual searcher.

While the simplifications make it easier to report results, we acknowledge that the aver-
aging/aggregation that takes place may hide subtle behavioural differences that can be ob-

served between searchers. We discuss this particular limitation of our work later in Sec-

tion [I0.3.4 on page B55.

(@fe]y 1{le Tg 3 [e By Lol ELS A (B [ (V] E 1o ] We consider a series of different stochastic simulations

that mimic searcher behaviours. Stochastic simulations of interaction rely on probabilities
(typically extracted from real-world log data) to determine the likelihood of a particular

action occurring (e.g. clicking on a link presented on a FERD). Taking an example of a prior
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study using this approach, Yilmaz et al! (2010) used interaction probabilities for deducing
the likelihood of clicking on an attractive result summary — something that is extensively
used throughout the simulations reported in this thesis. We discuss this further in Sec-
tion p.4.2.3. Again, if such probabilities are grounded from real-world interaction data, this

increases the realism of the simulations.

These models considered stochastically determining, for instance, the attractiveness of a

result summary to the given information need — something that we also utilise. We discuss

this further in Section p.4.2.3.

6.4.1 RIS e 1

All simulations of interaction reported in this thesis were run on the SimlIR framework, a
custom-built framework for the simulation of interaction. It captures the wider pro-
cess (Maxwell and Azzopardi, 20165).1 The framework consists of a number of individual
components, each which must be instantiated to yield a simulation. Figure p.§ provides an
illustration of the framework’s basic architecture, highlighting each of the individual sim-

ulator components, and the framework’s key outputs.

In this section, we briefly outline each of these components, discussing the need for each.
Each of these components can be mapped to one of the individual decision points and/or

activities of the [CSM], as outlined in Section f.T on page [[08.

A simulation within the SimlIR framework consists of the following main components.

« BEEN One or more topic(s) can be provided, each consisting of a title and topic

description (i.e. the [RE( topic descriptions, as per Section p.1.3).

I3SimlIR can be accessed at https://github.com/leifos/simiir. LA 2018-05-29
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Simulation (Simulating a User Study) User (Simulating Subjects of a User Study)

5 Topics SimlIR O‘ Querying Strategy
@ p| Providing Information Needs Combining aII_components
together to simulate the ¥ SERP Decision Maker
interactions of a searcher .

-
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Retrieval System
e Index and Retrieval Model
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Output Controller

Creates simulation output
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Interaction Log Searcher Model
For examining behaviours Complex Searcher Model
Behavioural/Time Measures  Saved Documents > t rec_eval, otc..
A A O For performance measures

Hle (IR The architecture of the SimlIR framework, with the components split across both
simulationand user categories. Simulation components define the simulation — arepresentation of

some real-world user study, with user components defining the behaviours of simulated searchers.

» REGEZEIRSHE R An interface is provided to link an underlying retrieval system

with the simulation. In the case of this thesis, this component links back to the setup

described in Section p.1.2.

= Bollidullide]iielII8 This component is responsible for generating the output files that

can be fed into evaluation programs such as trec_eval, as outlined in Section P.3.1.1].

Simulations also consist of one or more BHUIEICRLEI)EEW. These searchers attempt to

complete a given search task, having been instantiated with differing constraints. A simu-
lation is therefore in essence loosely associated with the concept of a real-world user study.
Each individual simulated searcher can be likened to an individual subject of a user study.
In turn, each of the simulated searchers is defined by a series of additional components that

describe their behaviours.

» ROUERILEECICWA The querying strategy determines how queries are generated

from topic descriptions, and subsequently selected.
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» PN GRS WY ELE @ This decision maker determines where a searcher should enter

a BERHP and begin to examine individual result summaries, or abandon the SERP and

issue a subsequent query. This corresponds to the new SERD level stopping decision

point of the [CSM, discussed in Section #.3.7] on page [13.

. These components are responsible for judging the attractiveness

and relevance of result summaries and documents respectively. For the work in this

thesis, this component is stochastic and grounded on interaction data.d

o RREHTET 1 ETGARAVE RS (ool (s B e 1L )N This component, instantiated using one of

the stopping strategies outlined in Chapter f, determines the point at which a simu-

lated searcher will stop interacting with a ranked list of results.

. The logger component is responsible for providing interaction costs for par-
ticular interactions (e.g. issuing a query), keeping track of the combined session time,
and determining whether the overall search session goal, time limit — or other session

level stopping constraint — has been met.

o BLEQREEAH This component can be considered as a basic representation of a

searcher’s memory, keeping track of the different prior interactions. Examples include
the result summaries and documents that have been examined, prior queries that have

been issued, and what documents that have been saved (considered relevant).

All the above components are underpinned by a component, providing a

flow of interactions to the search process undertaken by simulated searchers. In all simula-
tions reported in this thesis, the [CSM represents this component, and outlines the different
sequence of interactions that can occur between the different components. We do not dis-

cuss further technical details about how the SimlIR framework can be instantiated here; refer

to Maxwell and Azzopardi (2016b) for more information.

14Deterministic decision maker components have also been developed — refer to (Maxwell and Azzopardi,
20T6a) for more details.
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R W Grounding and Instantiating Simulations

To ensure that the simulations of interaction that we report in this thesis are as realistic
as possible, we grounded the simulations using real-world observations extracted from in-

teraction log data. Doing so ensured that the results generated from the simulations were

credible abstractions of reality (Azzopardi et all, 2011)). Given the CSM (and the means by

which we can evaluate it, as reported in Section .5 on page [[19), we considered grounding

our simulations from three perspectives.

» NONEIGACLEIE TN We consider the generation of psuedo-realistic queries to issue to
the underlying retrieval system. As discussed in Section p.4.2.7, these queries are
generated using querying strategies that are created from observing real-world searcher
querying behaviours. We also replay the queries issued by real-world subjects of the

user studies for one set of simulation runs.

INCIelaao N4l We extract a series of different interaction costs from log data to

ensure that the time spent by simulated searchers is an average representation of the

time spent by real-world searchers under a particular search context.

s PN Gl N oo I [ As with interaction costs above, we also considered a se-

ries of grounded interaction probabilities that determine the likelihood of a simulated
searcher determining whether to: enter a given FERD (used in Chapter f only); the at-

tractiveness of a result summary; or the relevance of a document.

These are considered in conjunction with the twelve stopping strategies (as discussed in
Chapter ), and the various constraints that we imposed upon each searcher, such as a
time-limited search session. The remainder of this section is left to a detailed discussion
of the key components of our simulations of interaction. In particular, this section focuses
upon how we instantiated each of the individual components of the SimlIR framework to

build realistic, credible simulations of the search process.
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- WA Interaction Costs

Considering the individual CSM components as illustrated in Figure f.T on page 109, a num-

ber of different interaction costs can be derived. These are costs that must be expended by

searchers subscribing to the model in order for them to successfully complete the search pro-

cess. In conjunction with the time-based measures discussed in Section p.3.7, we identified

five different interaction costs that searchers are faced with and thus use in our simulations.

These are listed below, with an illustration of the costs provided in Figure p.6.

I[1g%0 1<l This considers the Issue Query activity of the CSM, and considers the time

required by a simulated searcher to enter (and subsequently submit) a query into the
retrieval system’s interface. Again, thisis considered as from when the subject focused

on the query box, to the point where they submitted the query.

SRS ENLENN This cost considers the View activity, and denotes the time

spent by a searcher considering whether the presented SERD is attractive enough to
enter and examine in more detail. This is considered as the point at which the SERD is

rendered on their screen, to the point where they begin interacting with it in any way.

GEHTET ) I ERASEN L EL N The Examine Snippet activity is considered here, this

being the time required to examine an individual result summary for attractiveness.

Estimations for this interaction cost are described in Section p.3.7.

LN @S EN N ELN N This costs denotes the amount of time required to assess a

document for relevance to the given information need. This is the Assess Document

activity in the [CSM.

eV N The Save Document activity is considered for this final cost, where a searcher

will actively save and identify the document as relevant. This is considered as the
time from the point at which a searcher clicked the Save button to when they left the

document and returned to the FERD
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Os ?? - D \/

Focus Issue Load Interact Leave Open Save Leave

1 Issue Query 2 Judge SERP 3 Examine Result Summaries 4 Examine Document 5 Save

<+«—— Query———» SERP——————» «———— Document —M8M8M8M8M8

>

Interaction Time

L Ie-N-N-N lllustration of the five interaction costs paid by searchers subscribing to the [CSM.

Each cost is shown with the start and end events by which the costs were measured from the user
study interaction logs. Time spent on individual interface components is shown in white. Refer to

Section for a detailed explanation of each interaction cost considered.

The derived costs are averaged for each of the conditions and interfaces trialled in the stud-
ies reported in Chapters [] and . Refer to Table [/.§ on page P17 and Table B.I0 on page P83
for Chapters [] and [ respectively. These tables show the actual costs that were extracted

from user study interaction data.

VIR CIETad LN ER All simulations of interaction discussed in this thesis rely upon

the notion that all interaction costs are fixed over each interface and condition trialled. For
example, this means that no variation in querying time exists between a searcher who issues
single term queries, and another searcher entering terms that consist of three terms. All
queries require the same cost to be entered and submitted. This decision was taken to reduce
the complexity of our simulations. By including dynamic interaction costs, this would have

made the simulations themselves — and the subsequent comparisons — much more complex.

Previous work such as time-biased gain (Smucker and Clarke, 2012) has however shown

that estimations of dynamic interaction costs can be made.

R WA Query Generation Strategies

The generation of queries is an important aspect of any simulation of interaction. Starting
from the simplistic TREG-style searcher model where a single query is issued, numerous

studies have focused upon the issue of query generation, and how one can generate a series
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Single term queries

Q0—>Q1—>Q2—>Q3—>Q4—>Q5 t5 —> 000

Three term queries, revolving around pivot terms %y and

cHAA-AAA--BEAA-BAH- -

Interleavingand
@~ AAA-A--AAA- @A BAA- -

NN Extensive examples of the three querying strategies used in this thesis, ,

, and eENEN. Queries are denoted by Qp, with individual terms denoted by . In these

examples, a total of six terms are used (from to ). Queries are separated by arrows (—).

of pseudo-realistic queries based upon prior interaction data. We highlighted some of these

prior works in Section .3.4 (page p2).

In this thesis, we consider a number of different querying strategies as proposed by Keskustalo
et al| (2009) and Baskaya et al| (2013) in order to generate queries for our simulations of in-
teraction. These strategies are considered to be idealised, prototypical approaches to query
generation, themselves being grounded from a prior user study examining the query be-
haviour of subjects.3 Of the five strategies identified by the authors, we consider two in
this thesis that were shown in simulations by Keskustalo et al! (2009) to yield the worst and
best performance — but also shown to reflect actual searcher queries. The two querying
strategies, identified as and MOEER are briefly explained below. We also provide an
illustration of the two strategies in Figure p.7, where Q, denotes query n within a search

session, and t, denotes query term 7 from a list of terms available to formulate queries.

= NORENILIEREgn N This querying strategy generates a series of single term queries.
« NOSERRLICERE N This second querying strategy generates queries with two pivot

terms, and one additional term. Therefore, the first two terms remain constant, with

the third term changing for each subsequent query.

15Refer to Keskustalo et al] (2009) for further information on the user study undertaken.
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Queries generated by HOFEN are considered to be realistic in the sense that queries issued

in real-life web search sessions consist of three terms on average (Keskustalo et all, 2009).

With these two querying strategies in mind, we then interleaved the two strategies together.

This ultimately yields a third querying strategy that we identify as [HOENEEN.

» NOSN RO R With this querying strategy, queries from both HOEYM and NOEE!

are generated and subsequently interleaved between each other, starting with the first

query from HOENM.

Refer to Figure p.7 for an example of how this querying strategy works. These querying

strategies allowed us to test the robustness of each result summary stopping strategy. Recall

that Keskustalo et al! (2009) highlighted that JeEYM yielded relatively poor performance

compared to MOEEN. Therefore, it follows that a searcher, when issuing a query generated
by BeEXN, will observe that the results presented are of poor quality, and thus stop at a
shallow depth when compared to examining results of queries issued by BoEER. Examining
many results from a poor query is by and large a waste of the searcher’s time, so robustness
of result summary stopping strategies can be checked to see if queries generated by Hok

are abandoned earlier than those generated by HOEEN.

Tl g (T ROV B L Tl With interleaved querying strategy MORNEN allowing us to

test the robustness of various simulation configurations, we provide a novel report on sim-
ulations of interaction using this interleaved querying strategy. As previously discussed,
we also replayed real-world queries issued by user study subjects. Refer to Section

for further information on how this was achieved.

R ES AL LR LN Given the querying strategies, how did we then generate the ranked
list of terms to be used, shown as to in Figure p.7? For all simulations in this thesis,
all terms were derived from the given [RE( topic title and description. For all queries,

stopwords were removed as per the stopword list defined by Fox (1992).
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For HeEYM, we combined the title and description terms together and creating a Maximum
Likelihood Estimate (MLE) language model, allowing us to create a probability distribution
for the likelihood of a term to appear in a topic description, i.e. p(term|topic). A list of single

term queries was then ranked in descending order by this probability to yield the set of

queries we would use for , and so on.

A similar approach was used for . The same MLE approach was used to rank the
title and description terms separately, creating two separate rankings of terms. For the
pivot terms — the two terms that are consistently used as the first two terms of each JOEE]

query — all possible two term title terms were used, with the highest joint probability being
selected as terms and @M. Single terms from the topic description were then used as
per with the descending probability ordering used to then determine the order in

which the third query term was selected.

R RB Summary and Document Decision Making

As discussed earlier in Section p.4, our simulations were stochastic in nature. Decisions
pertaining to the attractiveness of a result summary (should I click this link and examine it
further?) and the relevance of a document to the given information need (should I save this
document?) were determined through a series of different interaction probabilities. Chapters [
and f present the interaction probabilities used within the simulations. In this section, we

describe the approaches used to derive them.

In parallel with earlier studies considering the simulation of interaction — such as those

by [Yilmaz et al] (2010) and Baskaya et al] (2013), for example — result summary and docu-

ment decision making both revolve around two key probabilities:

» the probability Bd(®N of considering a given result summary on a SERD to be suffi-

ciently attractive to ‘click” and load the associated document; and
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= the probability BdE)N of determining the document to be relevant to the given infor-

mation need after examination, and thus saving it.

These are considered separately. The action of requesting a document from clicking on
the associated result summary does not necessarily mean that the document is relevant;

merely, it means it appears attractive enough to examine in more detail (Turpin et all, 2009).

The above probabilities are broken down further with regards to [[REQ relevance. This
warrants an examination of the [RE( relevance judgements to determine whether the result
summary and/or document being clicked and/or saved would be considered to be relevant
to the given topic by the [[RE( assessors. As such, P(C) and P(S) can be split further, such

that we can then determine:

= the probability that a result summary that has been clicked is [REQ relevant S (@[:9)

or not BE(®[D)N; and

» the probability that a document saved is [[RE( relevant RZ&I BN or not BLE DA

From these definitions, we may take the interaction logs from the two user studies, split the
interactions by the interface or condition for which probabilities were derived, and sum-

mate the different measures — as shown by the equation for calculating P(C), where:

lick lick
P(C) = clicked el +,|C icked gl Equation 6.1
lexamined|

and P(S), where:

d d
P(S) = Isavedr| +.|save ﬂRez'. Equation 6.2
lexamined)|

In the above equations, Rel denotes the count for [RE( relevant items, with —Rel repre-

senting items that were not [RE( relevant. Finally, |clicked| represents the number of result
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APW20000511.0185 APW20000511.0185 APW20000511.0185
Trial 1 Trial 2 Trial 3
V Where P(CIR) = 0.66 x Where P(CIR) = 0.66 v Where P(CIR) = 0.66

=Saved =Not Saved =Saved

Hl[INGREN An example of the same relevant document being judged differently across

multiple trials. This can have a negative effect upon simulation runs, yielding dubious results.

summaries that were clicked (deemed attractive enough to examine further), lexamined| de-
notes the total number of documents that were assessed in full (i.e. presented in the doc-
ument view as shown in Figure p.2), with [saved| denoting the number of documents that

were identified as relevant, and subsequently saved.

To compute probabilities concerning [REQ relevance only, P(C|R) and P(S|R) were defined
as P(CIR) = % and P(SIR) = %. These definitions are the same as the
above, sans the non-relevant, or —Rel values. Conversely, P(C|N) and P(C|R) were defined
as P(CIN) = clickedgal ang P(SIN) = svedpal _ thig time, without the TREQ relevant

examined_g,; examined_g,

judgements included (i.e. a judgement of @, or no judgement at all).

| (T R @E T [0BSY1) T E LR B Stochastic approaches to modelling interactions provide a sim-

ple means of operationalising the components of the simulation. Such an approach judges
the attractiveness and relevance of result summaries and documents with a roll of the dice,

rather than explicitly examining the content provided to formulate a judgement.

However, such an approach is not without limitation. By their very nature, a stochastic
simulation based upon random probabilities will require a large number of different trials
to be executed from which an average may be computed. Each trial will potentially result
in a different outcome, as illustrated in Figure p.§. With a probability of clicking document
APW20000511.0185 set to 0.66, there is a 66.66% chance that the document would be clicked

in each run, resulting in different outcomes across trials.

Different outcomes can lead to a wide variance between different trials, which in turn leads

to a requirement of running a more powerful experiment over a larger number of trials, or
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IELICHGIPAR A visual example of how the use of pre-rolled judgements (right) performs when
compared without (left). The top five rankings (from D4 to Ds) across four examples are shown. On
the left are two simulated searcher configurations that do not use pre-rolled judgements. On the
right, the same configurations are shown with pre-rolled judgements. Notice that for the examples
with pre-rolled judgements, the same judgements are provided across configurations. On the left,
this is not the case — indeed, this phenomenon can have an undue influence upon the behaviour
of a simulated searcher, such as affecting their stopping behaviour. This is illustrated below, with
SS2-NT @

the stopping depth for pAl being affected (stopping depths are highlighted in red).

Without pre-rolled (incomparable) With pre-rolled (comparable)

SS1@5 SS2@2 SS1@5 SS2@2

Monte-Carlo style simulations (Benovi, 2016). In turn, this leads to an increase in the amount

of time (and computational power!) required to execute all simulations.

SR CL RIS &8 In Figure p.§, if the same document is judged differently between
individual trials, the results from two different simulated searcher configurations are in-
comparable. This is demonstrated in the left hand side of Table p.2. With a given proba-
bility, a result summary can be judged to be attractive or not (P(C)). Without proper con-
trols, these judgements will vary across trials, meaning that in Table SS1-FIX @5
and are incomparable (refer to Section p.4.2.¢ for more information on these
configurations) because the judgements for the same ranked list of results differs. As these
judgements change, this has an undue influence on the behaviour of the simulated searcher

across different experimental configurations.
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In order to address this issue and permit for fair comparisons across simulated searcher
configurations (and to allow for reproducible results), we used that
determined the attractiveness or relevancy of result summaries and documents respectively
a priori. For each document within the AQUAINT collection, we pre-computed outcomes
for each individual document using the relevant grounded interaction probability, storing
them in action judgement files. One related to the action of clicking on result summaries
(i.e. P(C)), with the other relating to saving documents (i.e. P(S)). These judgement files
were then used by the decision maker components. All this component had to do was then

perform a simple lookup for the corresponding document judgement for a given trial.

By pre-computing these judgements in advance, the same document would therefore be
considered relevant in the same trial under a different configuration. This is demonstrated
in Table p.2, this time on the right-hand side. Across this trial, judgements by the simulated
searcher have been pre-rolled in advance, and thus the judgements for documents D; to
Ds are the same. As they are the same, this permits fairer comparisons between different

configurations, with the table showing how the simulated searcher’s behaviour varies.

It should also be noted that the generated pre-rolled judgements were seeded to allow for
these files to be easily reproduced. This process was repeated 50 times to account for vari-
ability between trials. This meant that for every simulated searcher configuration, we ran a
total of 50 trials in which result summaries could be considered attractive or not, and doc-
uments could be considered relevant or not. As such, all results reported later in this thesis
are an average over 50 trials. This value was selected since for each of the two user studies

reported in Chapters [] and B, approximately 50 subjects took part in each.

R Rl Computing Gain

As searchers examine information, they gain knowledge that helps shape their mental model

of the underlying information need (Nickleg, 1995). In the simulations reported in this the-
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sis, gainis acquired when a simulated searcher, having examined a document, subsequently
considers said document is relevant, and saves it. During post-hoc analysis, we then can
compute how many documents were saved, and how many were saved and [[RE( relevant.
This is determined by looking up the [RE( relevance judgements. Gain for the document
is then simply computed as the relevance judgement score from the [REQ QRELs. Given
that we utilised the [TREQ 2005 Robust Track (Voorhees and Harman), 2005), graded relevance
judgements are used. This value, when summated over all saved documents, is the
score for a simulated trial. This is discussed in more detail in Section p.4.3.1].

6.4.2.5 NAGARCVE RN W EL o)

Previously outlined in Section .2, the CSM includes an additional FERD level stopping de-
cision point. Motivated by the information scentld offered by a BERT (or patch), this stopping
decision point joins other established decision points, including result summary and ses-
sion level stopping. The new decision point permits a searcher subscribing to the [CSM to
either enter the SERD and begin examining result summaries in detail if the FERP appears

to offer a good scent, or abandon the SERDP if it appears to be poor (and saving time).

For our simulated analyses of the user studies reported in Chapters [] and B, the SERD level
stopping decision point is not considered. In other words, a simulated searcher will always
examine a given SERP for content in detail — labelled in this thesis. This
acts as our baseline for the SERP level stopping decision point. This decision was taken to
simplify our results and to provide greater emphasis upon how the different snippet level

stopping strategies (as discussed below) affect searcher behaviour and performance.

Chapter [ provides empirical results for different result summary level stopping strategies
when the new SERD level stopping decision point was utilised. This chapter also provides
a detailed explanation as to how we operationalised the new stopping decision point, as

presented in Section P.2.T on page BT1].

16To recap, we discuss the notion of information scent in Section B:3.1.1 on page P2.

172



6.4 Simulating Searcher Behaviours

W WN-W Result Summary Level Stopping Strategies

In Chapter f, we outlined twelve stopping strategies that had been operationalised from
various stopping heuristics and the RBH evaluation measure. In this section, we once again
enumerate each of the different stopping strategies, discussing what stopping threshold values
that we trialled for each. Any specific implementation details to a given stopping strategy

are also noted in this section.

For several of the stopping strategies, threshold values need to be approximated from real-
world interaction data to provide some grounding. An example of such a threshold is
the RBI] patience parameter, as we discussed in Section £.4.1.5 (page b7). As such, some
of the threshold value ranges were approximated from the user study interaction data in
Chapter [, and used in all simulation experimentation for consistency. The values that
we ascertained were of most interest as they offer close approximations to how real-world

searchers actually behaved in consideration of the respective stopping strategies.

Below, we begin our discussion of each of the different stopping strategies, outlining the

parameter thresholds used.

« BBV For our fixed depth stopping strategy, we trialled a range of values, where
x1 was set from 1 to 10 in steps of 1, and then 15 to 24 in steps of 3. This resulted in 14
separate parameter threshold configurations, with enough values such that a searcher

would comfortably reach the time limits imposed in the study detailed in Chapter [1.

= Both BEREPEINIE and BRERLNON used the same range of values for threshold values

xp and x3. These stopping strategies focused upon a searcher’s tolerance to non-

relevance, as discussed in Section p.2.1].

Note that for both EEEPEINIE and BEERNER any document that has been previously exam-

ined during the same search session (returned in the ranked results of a prior query) will
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be included in the count of non-relevant items. This is opposed to ignoring previously ob-

served items, which has been shown in prior work to offer poorer performance (Maxwell
20156).

Next, we enumerate the stopping strategy considering the satiation of a searcher.

« BSREERTAN Concerning the number of documents that a searcher should save before

being satisfied, we examined a range of values for x4, from 1 to 10 in steps of 1.

Our first combination heuristic then combines the frustration and satisfaction heuristics

together. However, two frustration stopping strategies exist — BSEPEININ and EERERINEN.

To reduce the complexity of the simulations — and to corroborate with empirical evidence

suggesting that this was the better performing strategy (refer to Maxwell et al! (2015b)),

SEPEINN is assumed to be the non-relevant component of the combination strategy.

« BSEEELE0)N Here, we utilised the stopping threshold values defined for x, and x4

above. These were for the frustration component BEPENN and BEEESTAN respec-

tively.

Next, we consider the two stopping strategies that focus on the difference threshold heuris-

tic (Nickles, 1995), where searchers would abandon a set of results if the summaries pro-

vided did not appear to yield any new information.

« SRR Considering the term overlap difference between a result summary and
prior summaries, a range of values from 0.0 to 1.0 in steps of 0.05 were utilised. This
was to explore the entire range of possible values. The smaller the threshold, the less

similar the content of the new result summary to those previously examined.

« BEYEDIGE Using KL-divergencd, a range of values for x; were trialled, from 3.0 to

8.0 in steps of 0.5. A small-scale pilot study examining this stopping strategy over the

AQUAINT index showed that a majority of values fell within this range.
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For both BEREIME and BSEYAIAE we considered both the per-query difference and the per-

session difference. For the per-query variant, previously observed result summaries consisted
of the first result summary, thus meaning that the simulated searcher would always con-
sider at least two result summaries before deciding to stop. For the per-session variant, all
previously observed result summaries over the entire search session (i.e. including those
from previous queries) were used. In a pilot study, as reported by Maxwell et al! (2015a),
we consider in this thesis the per-query variants only. These offered better performance

than their per-session variants.

Next, we consider the stopping strategy based upon a searcher’s optimal searching be-
haviour. This concerned computing a searcher’s average rate of gain. To determine the rate
of gain at a given result summary at rank i, we first computed the (discussed in Sec-
tion 2.4.T.4 on page p5) received from the observed documents, up to the point in the ranked
list at position i. We then divided g (the DCG) by the total time taken, yielding i = t; + t,,
where i represented the rank, t; was the time required to examine a document, and ¢, was

the time required to issue a query.

« BREEIEN Computing the searcher’s average rate of gain as defined above, we con-
sidered a gain threshold (xg) from 0.002 to 0.03 in steps of 0.002. A minimum of two

result summaries were examined before calculating the average rate of gain (ys = 2).

The estimate computed was very dependent upon the first document in the ranked list.
For example, if judged to be non-relevant, the searcher would gain 0 — meaning that the
searcher would then immediately stop when xg > 0. To counter this, we also considered an
additional parameter that specified how many result summaries the searcher should always

examine before making a decision based upon the rate of gain experienced.d This would

7This second parameter yg was set to 2 for all experiments utilising BEE:SIAM. A pilot study by Maxwell

etal] (20I5b) found that a value of 2 proved to be far less sensitive to non-relevant items, and resulted in better
performance by the searcher.
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essentially mean that a searcher employing BtEIa® would look at a minimum of yg result

summaries, and from there begin to make decisions as to whether they should continue.

Next, we consider the time-based stopping strategies as outlined in Section p.5. These con-
sider the total time spent examining a SERP and its associated documents, and the time

since last identifying a relevant document.

« BSRERYS Considering the total amount of time spent on a FERH and linked docu-
ments, we considered for this total time stopping strategy values for x9, from 30 to 150

seconds in steps of 30 seconds.

= ERMNOEHERIIIEE Stopping (or giving up (Krebs et all, 1974)) after x19 seconds have

elapsed since saving a relevant document (or the start of the search session if no doc-

uments have been saved), we consider for this stopping strategy a smaller range of

values, from 10 to 50 seconds in steps of 10 seconds.

The parameter threshold values for xg and x;yp were grounded using interaction data derived
from the user study discussed in Chapter [] only. For x9, the mean time spent interacting
on a SERD and its documents were computed at approximately 90 seconds — a 60 second
decrease and increase were selected for the lower and upper bounds respectively. Like-
wise, a relevant document was on average identified approximately every 30 seconds. This

provides motivation behind selecting the range of values chosen for x1.

The second combination rule, based upon the combination heuristic proposed by
(1982), considers that a searcher decides whether a given SERD is of high yield at shallow
ranks (or not). Depending upon the outcome of this decision, a different stopping strategy

will be employed.

= ERAREIEO)VN For a SERD yielding a high scent at shallow ranks, a searcher will em-
ploy the satisfaction stopping heuristic, BERZENIAN. The give-up time-based strategy
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SN VEHE R is employed if the scent is low. Parameter threshold values are iden-

tical to those defined for x4 and x;y above.

All combinations of values for x4 and x19 were trialled. To determine the scent of a given
set of ranked results (and thus the stopping strategy used), we considered the first ranked
result, or P@1. If the first ranked document was [[RE( relevant, the GERP was assumed to
provide a high yield early on. Conversely, if P@1 = 0, the SERD was judged to be low yield
at shallow ranks. This matches with definitions of poor scented SERPq by Wu et al! (2014)

and Hassan and White (2013)5. We also make the further assumption that the document

presented at the first rank will be used to judge the SERT yield.

The final result summary level stopping strategy was based upon KBP. Once again, the

patience parameter was again grounded from the user study outlined in Chapter [] only.

. Given a fitted patience parameter of 0.9087, we trialled a range of values
around this range, from 0.8 to 0.95 in steps of 0.05. We also trialled 0.99 and 0.9087.

To estimate the patience parameter, we assumed that the patience of a searcher could be
determined by considering the depths at which documents were clicked, as per RBE. The
deeper the searcher went down a list of ranked results, the more patient they were consid-
ered to be. For every query issued, we determined whether the document at each rank of

the corresponding set of results was clicked or not, as shown in step @ below.

0 Compute clicks on documents 9 Calculate ratios at each rank 9 Fit ratios to equation
H — (nk
| D, | D, | D | p(click@k) =
B v v x - IClicks,| IClicks, | [Clicks, | - Fitted value yields patience
arameter for clicking on
v X X QI 1QI Il P g

result summary link at rank k

For each rank, we could then compute the ratio of clicks over each query, as demonstrated

at step @. This yielded a decreasing ratio with increasing depths, demonstrating that

18This is discussed in further detail later in Section P-2.1 on page BTT.
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IELICEERE Summary table of the twelve stopping strategies, along with each of the threshold

parameter values trialled. Note that for BEREEIOIY 2R and Ry RO =R thresholds from dif-

ferent stopping strategies are used for the respective components of each combination strategy.

Stopping Strategy Threshold Parameter Values

SS1-FIX x1=1[1,2,3,..,8,9 10,15,18, 21, 24]
SS2-NT x2=1[1,2,3,..,8,910,15,18, 21, 24]
SS3-NC x3=1[1,2,3,..,8,9,10,15,18, 21, 24]
SS4-SAT x4=1[1,2,3,..,8,9, 10]

SS5-COMB x2=1[1,2,3,..,8,9,10,15,18, 21, 24] (SS2-NT)

xa=1[1,2,3,.. 8,9, 10] (S54-SAT)

SS6-DT xg =[0.0, 0.05, 0.10, ..., 0.90, 0.95, 1.00]

SS7-DKL x7=1[3.0,35,4.0,.. 7.0,7.5,8.0]

SS8-IFT xg =[0.002, 0.004, 0.006, ..., 0.026, 0.028, 0.03]
yg =2

SSO-TIME xg =[30, 60, 90, 120, 150]

SS10-RELTIME x10 =[10, 20, 30, 40, 50]

SS11-COMB x4=1[1,2,3,..,8,9, 10] (SS4-SAT)

x10 =[10, 20, 30, 40, 50] (5510-RELTIME)

SS12-RBP x12 = [0.80, 0.85, 0.90, 0.9087, 0.95, 0.99]

searchers were less likely to click on results further down the rankings. Finally, p(click@k) =

k

<

was fit to the data. This represents the probability of clicking on a result summary at rank

k, with ¢ denoting the RBP patience parameter. When fit, ¢ = 0.9087.

Table p.3 on page [[7§ lists each of the stopping strategies, along with the different threshold

parameter values that were trialled for each.
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CR:WHA Simulated Searcher Constraints and Goals

Like in the corresponding user studies, we imposed different constraints upon the simu-
lated searchers to keep comparisons as fair as possible. These constraints and goals are
discussed in depth in the relevant chapter. Refer to Section [.3.1.2 on page P16 and Sec-
tion on page 287 for further information for the two studies.

W% Simulation Runs and Evaluation

Having now discussed how all of the various components of the CSM and the SimlIR frame-
work were instantiated for our simulations, we now move onto a discussion of how we

actually ran the simulations — and evaluated them.

With two high-level research questions focusing on the empirical work, we designed and

executed a set of simulation runs to address both

« QRIRINOEEN Given the aforementioned operationalised stopping strategies, how well

does each one perform?

To address this research question, we propose a series of WHa{elinERCNINER that

allow us to determine the best overall level of performance that can be attained using

a particular configuration of a simulated searcher, via a number of what-if scenarios.

« QIS B How closely do the operationalised stopping strategies compare to the

actual stopping behaviours of real-world searchers?

To address this second research question, we also propose a series of eyl EIFHL NI
that instead focus upon how closely different configurations of simulated searcher ap-

proximate the stopping behaviours of real-world searchers.
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Interaction Logs

N Grounding N
a HL-RQ3a —E

Collected Searcher

o
o

Real Searcher Experimental
Interaction Logs

)

User Study

Search

Simulated Searcher

Comparison Runs

Experience Data - Comparison Logs gl
= HL-RQ3b B

=

User Studies ,___"__l ————
: | ?: W 1\ ro3b
— =, <
User Study Analysis 4 e | Behaviour Comparison Analysis

Behaviour, Performance, UX L b J | L | (Simulated vs. Real-World) x 2

[ [ITENREN How the two sets of simulations, represented as , fit within the wider

experimentation framework as discussed in this chapter. The illustration also shows what compo-

nents address the two high level research questions, JalEINOXEN and WzIEOK] M.
STV EL T RN T R =N UL TeTs o) [eTe VA These simulations of interaction fit within the wider

experimental framework discussed in this chapter, illustrated in Figure p.9. Within the fig-
ure, we can see the link between the user studies and the two sets of simulations (high-
lighted with m boxes) via the act of grounding. The illustration also provides linkage
between the simulations, and the two sets of analyses that are undertaken — the performance
analysis, addressing and the behaviour comparison analysis that addresses
. The performance analysis is an examination of the hundreds of different pos-
sible simulation configurations, allowing us to explore how performance varies through
what-if simulations. In all, this process is repeated twice, once per user study, as shown

in the illustration. We discuss the two different sets of simulations that address research

questions and in Sections b.4.3.1 and p.4.3.2 respectively.

Named as a series of what-if simulations above, the performance runs instantiate the differ-

ent components of the CSM and SimlIR framework as previously discussed throughout Sec-

tion p.4.2. Using the grounded interaction probabilities and costs, these simulations were
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Average Measures

Simulated Searcher Conflguratlon

Sim

QS13 Always SS1 1

QS13 Always SS1 @1 367 2

QS13 Always SS1 @1 367 3 0.7 1.0
QS13 Always SS1 @1 367 50

Fl[NENGREOR An example set of simulation results (each represented on a different row), with
each row representing the same configuration, over the 50 different trials. Performance values can
then be extracted from each trial, with a mean computed. In this example illustration, the mean @

and depth per query are shown.

trialled over the five selected topics of the [[RE(Q 2005 Robust Track (Voorhees, 2006) (as

discussed in Section p.1.3), with queries generated via the querying strategy outlined in Sec-
tion p.4.2.7. Altogether, this provided us with a wealth of simulated interaction data from
which we could calculate a series of averages over the different trials run. As illustrated
in Figure p.10, we then computed the various performance measures over each simulated

searcher configuration, taking an average over each of the five topics.

Figure p.10illustrates a simple example configuration of a simulated searcher, using: query-

ing strategy HOER N the B ICARAWEVEN (baseline) SERD examination strategy; result sum-

mary level stopping strategy BEuE ) SNCYE: and [[RE( topic Ne 367. The configuration

was also run over 50 separate trials. All performance runs were examined over the same
five topics as outlined previously in Section p.1.3. Performing 50 trials for each individual
configuration allowed us to account sufficiently for the variability that would be presented

across runs, with further detailed presented in Section p.4.2.3.

Given the name performance runs, we examined the performance of each simulated searcher
trialled. While examining the performance of queries (via the measures outlined previously

in Section p.3.3), we also examined measures illustrated in Figure p.11: mean levels of [CG,

and the mean [ W@ {EIGA(IO) N,
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“

Q,=2 Q=0 Q,=1

DQ=2+0+1
3

=1

H [N An example illustrating how the mean depth per query is computed across a search

session. In this example, three individual queries are issued, with no results examined for Q1.

[CQ was discussed in passing in Section p.4.2.4. For our simulations, we consider the CQG
as the amount of gain accrued over the course of a search session — which, by definition, can
entail more than a single query. A more robust series of stopping strategies that are better at
stopping a simulated searcher examining poor quality GERPH to great depths will provide
higher levels of [CG, but only if the queries issued offer good performance. Similarly, an
effective SERP level stopping decision point implementation will stop the searcher from
examining a poor GERD in the first instance, leaving more time to examine SERPq that could

potentially offer higher quality results.

The other major measure used in our performance measures was the depth per query. With
this measure, performance is not measured, but rather the stopping behaviour of the simu-

lated searchers. As shown in Figure p.1]], a fictional search session consists of three queries.

In the example illustration, a simulated searcher examines to a depth of 2 for Qp, and a
depth of 1 for Q,. The searcher does not even enter the associated SERP for Q1, as the GERP
level stopping decision point prevents the searcher from examining result summaries in

detail. The resultant DQ for the search session is therefore 1.

Rather than focus upon the overall performance attained by simulated searchers under
different scenarios, the second set of simulations we ran focused on comparing simulated

searcher behaviours against their real-world counterparts.
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The simulations for this set were configured much like the performance set — save for the
difference between the querying component. Rather than considering queries generated by

a querying strategy, we instead took the queries from the associated user study and issued

each one in turn. In effect, we BgEVLN all real-world queries issued (as discussed in
Section p.4.2.2).

Real-world queries were extracted and grouped by the experimental interface or condition
in which it was executed. In order to compute per-session measures (e.g. [CG), we could
then take the queries belonging to a particular subject and topic combination and group
them together, summing or averaging measures where appropriate. With only four topics
trialled during the user studies, we considered only the omitting the
practice topic (Ne 367). This was due to the fact that we only had real-world query data for
the four topics trialled in the user studies. We once again ran a simulated searcher for each

different configuration, over every query issued. A total of 50 trials were once again used.

To perform our comparisons between the real-world and simulated searchers, we used the
to compute the difference between the two. For this, our cal-
culations were performed by examining the click depth of the real-world searchers over
each query, and taking the simulated click depths. Simulated click depths are defined as
the depth of the last document that was considered attractive enough to examine on a given
simulated SERD. Considering each configuration of simulated searcher (i.e. considering the
different ways in which SimlIR components were instantiated), we could then produce a ta-

ble of click depths, as provided in the example below.

N — )
L

In the above example, Sim. x represents the mean value of a particular simulated searcher

configuration, with the mean taken over the 50 simulated trials. For each query, the real-
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world click depth is shown, along with the simulated click depth from each simulated
searcher trialled. [allelifslielel cells show what is being compared on each row — for in-
stance, for query Qoq, the real-world click depth of 5 is compared against the Sim. 1 click

depth of 3. Considering the MSE value between the two, using the following formula:

s = (0~

where 6 denotes the real-world click depth, and 6 denotes the click depth approximation,
we arrive at a MSE value of 4. The closer the MSE value is to 0, the better the approx-
imation given. In the above example, the compared values for Q1 therefore offer the best
approximation of the actual stopping depth of the searcher. After each MSE value had been
calculated, this could then be used to plot against the mean depth per query across a variety
of different stopping strategies. For example, recall that considers the stopping
depth across a range of threshold parameter values (x1), with the parameter denoting the
stopping depth. The higher this value, the greater the depth per query that will be attained.
By computing the MSE at each point, we were able to determine which stopping threshold
offered the best approximation of stopping behaviours, across a range of mean depths per

query, for that particular stopping strategy.

BB Chapter Summary

In this chapter, we have outlined the general methodology that is used throughout the re-
maining chapters of this thesis. As we report on two separate user studies in Chapters []
and B, this chapter provides an overview of the common approaches followed, with unique

aspects pertaining to the individual user studies discussed in the relevant chapter.

In order to tackle the high-level research questions of this thesis, our general methodology

was to first undertake a that captured a variety of different behavioural, per-
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formance and user experience measures, as discussed in Section p.2. The data derived from

this user study was then used to ground a series of complex BIInUEWLING RN EIETGLN, at-

tempting to mimic the behaviours exhibited by the real-world user study subjects. After dis-
cussing how we instantiated each of the different components of the CSM and SimlIR frame-

work, we then concluded the chapter with a discussion on the two sets of simulation runs

trialled, allowing us to address research questions JaIRINOREN and JalRaNekIN.

With the conclusion of this chapter, all necessary groundwork has been laid to present the

results of our user studies and simulations of interaction, which we present in Part [II.
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Chapter 7

Result Summary Lengths and

Stopping Behaviour

The SERD is core to a searcher’s experience when using a retrieval system. The presen-

tation and design of the FERH has over the years been subject to much research. Today,

more complex components (such as the information card (Navalpakkam et all, 2013) or social

annotations (Muralidharan et all, 2012)) are now becoming commonplace in web retrieval
systems. Despite these advancements, much work still remains on examining how more
traditional SERD components are designed and presented to searchers. As we will focus on
in this chapter, result summaries are such a component.

University of Glasgow
https://lwww.gla.ac.uk/

The University of Glasgow is the fourth-oldest university in the English-speaking
world and one of Scotland's four ancient universities.

As shown in the above example, result summaries have been traditionally viewed as the ten
blue links, each with their corresponding title and source (typically a [URL) of the associated
document. Included with these two components are the textual snippets of keywords-in-
context, derived from the document itself. These snippets are approximately 130-150 char-
acters (or two lines) in length (Hearst, 2009). Researchers have explored result summaries
in a variety of different ways, such as: examining their length (Paek et al), 2004; Cutrell




7.1 Background

and Guan, 2007; Kaisser et al!, 2008); the use of thumbnails (Woodruft et all, 2002; Teevan
et all, 2009); their attractiveness (Clarke et all, 2007; He et all, 2012); and the generation of
query-biased snippets (I'ombros and Sanderson, 1998; Rose et all, 2007).

In this chapter, we are interested in examining how the length (and subsequently informa-
tion content) of result summaries affects FERI] interactions — specifically examining their
stopping behaviours — and a searcher’s ability to select relevant over non-relevant items.
This is in tandem with an examination of different stopping strategies (outlined in Chap-
ter ), and how they adapt to increasing result summary lengths. Prior research has demon-

strated that longer result summaries tend to lower completion times for informational tasks,

where searchers need to find only a single relevant document (Cutrell and Guan, 2007).

However, does this finding hold in an ad-hoc context, where searchers need to find several
relevant items? Furthermore, how does the length and information associated with longer
result summaries affect the searcher’s ability to discern the relevant from the non-relevant?

We address these questions from the perspective of both:

. a examining this phenomenon, presented in Section [.Z; and

» a MHIMEIECEREWHEE, closely examining how varying snippet lengths affect searcher

performance and stopping behaviours, discussed in Section [/.3.

The outline for both of these studies follows the general methodology, as discussed in Chap-
ter f. Before discussing the studies and their results, we begin with an overview of prior

work that has examined the length of GERPg and result summary snippets.

7.1 BERGCII e

Researchers have examined various aspects of GERPS, and how the designs of such aspects
influence the behaviour of searchers. In this section, we provide a summary of the various

aspects that have been examined over time. Specifically, we consider:
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» the size of FERPS;

= how much text should be presented within each result summary;

the layout and presentation of SERPS; and

= how snippet text for result summaries is generated.

Of the four areas of SERD| research that we examine in this section, we consider the latter to

be the main focus of this work. Each area is summarised below.

AR Results per Page

Today, a multitude of devices are capable of accessing the WWW]| — all utilising a wide
range of different screen resolutions and aspect ratios. Therefore, the question of how many
result summaries should be displayed per page becomes hugely important, yet increas-
ingly difficult to answer. Examining behavioural effects of mobile devices when interact-
ing with BERPS has attracted much recent research (e.g. Kim et al] (2012, 2014, 2016)), and
with each device capable of displaying a different number of results above-the-foldl, research
has shown that the number of results presented on a SERH can influence the behaviour of
searchers (Joachims et all, 2005; Kim et al), 2014). Understanding this change in behaviour
can help guide and inform individuals charged with the design of user interfaces in con-

temporary retrieval systems.

However, Linden (2006) stated in a Google industry report that searchers desired more than
10 results per page, despite the fact that increasing the number of results displayed yielded
a 20% drop in traffic. It was hypothesised that this was due to the extra time required to
dispatch the longer FERPs. However, this drop could have been attributed to other rea-

sons. Oulasvirta et al! (2009) discussed the paradox of choice (Schwartz, 2005) in the context

IRefer to Section P21 on page BT for a detailed explanation on displaying results above-the-fold — also
called the viewport size.
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of search, where more options (results) — particularly if highly relevant — will lead to poorer
decisions, degrading searcher satisfaction. In terms of searcher satisfaction, it can be argued
that modern retrieval systems may be a victim of their own success, leaving searchers with
choice overload. Oulasvirta et al! (2009) found that presenting searchers with a six item re-
sult list (rather than a list of 24) was associated with higher degrees of searcher satisfaction,

confidence with choices and perceived carefulness.

Kelly and Azzopardi (2015) broadly agreed with the findings of Oulasvirta et al! (2009).
Here, the authors conducted a between-subjects study with three conditions, where sub-
jects were assigned to one of three interfaces — a baseline interface, showing 10 results per
page (the traditional ten blue links), and two interfaces displaying 3 and 6 results per page
respectively. Their findings showed that individuals using the 3 and 6 results per page in-
terfaces spent more time (significantly so) examining top ranked results. They were also
more likely to click on documents ranked higher than those using the 10 results per page
interface. Findings from this study also suggested that subjects using the interfaces show-
ing fewer results per page found it comparatively easier to find relevant content than those
using the 10 results per page interface. Of course, examining results to shallow depths also
means that searchers would have stopped examining content comparatively early, too. Dis-
playing 10 results per page is still considered as the de-facto standard (Hearst, 2009), with

this de-facto value our primary interest in examining result summary lengths in more detail.

AW Snippet Lengths: Longer or Shorter?

Snippet lengths have been examined in a variety of ways. A user study by Paek et al] (2004)
compared a searcher’s preference and usability against three different interfaces for dis-

playing result summaries. With question answering tasks, the interfaces:

» displayed a normal BERD, consisting of a two line snippet for reach result summary,

complete with a clickable hyperlink to the corresponding document;
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= an instant interface, where an expanded snippet was displayed upon clicking it; and

» a dynamic interface, where hovering the cursor would trigger the expanded snippet.

The instant view interface was shown to allow searchers to complete the given tasks in less

time than the normal baseline, with half of the participants preferring this approach.

Seminal work by Cutrell and Guan (2007) explored the effect of different snippet lengths,
exploring short (1 line), medium (2-3 lines, the expected standard) and long (6-7 lines) snip-
pets. They found longer snippets significantly improved performance for informational
tasks (e.g. find the address for Glasgow International AirportH). Their sub-
jects performed better for informational queries as snippet length increased. This work
was extended by Kaisser et al! (2008). They conducted two experiments that estimated the
preferred snippet length according to answer type (e.g. finding a person, time, or place),
and comparing the results of the preferred snippet lengths to searchers’ preferences, in or-
der to see if this could be predicted. Their preferred snippet length was shown to depend
upon the type of answer expected, with greater searcher satisfaction shown for the snippet
length predicted by their technique. The findings also indicated that longer snippets may

be more useful if the relevance of the snippet to the query was considered.

More recent work has begun to examine what snippet sizes are appropriate for mobile de-
vices, with the multitude of screen resolutions available. Given smaller screen sizes when
compared to desktop or laptop computers, this is particularly important — snippet text con-
sidered acceptable on a computer screen may involve considerable scrolling/swiping on a
smaller screen. Kim et al] (2017) found that subjects using longer snippets on mobile devices
exhibited longer search times and didn’t lead to improvements in correctly identifying rele-
vant content under informational tasks.B Longer reading times and frequent scrolling/swip-

ing (with more viewport movement) were exhibited. Therefore, longer snippets did not

2Formerly Abbotsinch Airport and used as an airfield during World War 11, Glasgow International Airport is
located eight miles west of Glasgow city centre.

3The tasks considered by Kim et al (2017) were similar to those defined by Cutrell and Guan (2007), where
a single relevant document was sought.
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appear to be very useful on a small screen. An instant or dynamic approach (as per

(2004)) may have practical applications if searching were to be conducted on a mobile.

FAWCE SERP Layout and Presentation

Early works regarding the presentation of result summaries examined different approaches
to automatically categorising result summaries for searchers, similar to the categorisation
approach employed by early retrieval systems (as shown in Figure 2.1 on page P4). Chen
and Dumais (2000) developed an experimental system that automatically categorised re-

sult summaries on-the-fly as they were generated. For a query, associated categories were
then listed as verticals, with associated document titles provided underneath each category
header. Traditional result summaries were then made available when hovering over a doc-
ument title (as illustrated below with a sample title and summary popup). Subjects of a
user study found the interface easier to use than the traditional ten blue links approach —
they were 50% faster at finding information displayed in categories. This work was then

extended by Dumais et al] (2001)), where they explored the use of hover text to present ad-

ditional details about search results based upon user interaction. Searching was also found
to be slower with hover text, perhaps due to the fact that searchers were required to make

decisions as to when to explicitly seek additional information.

Chinese expert sa outh China tiger may be extinct in wild

Popup Summary

last... in May 1996, a report by the World Wildlife Fund for Nature said fewer than 50...
Associated Press Worldwide News Service

Mouse Hover Event i ...be too few to save the species from extinction, a Chinese wildlife expert said Thursday. The

Alternatives to the traditional, linear list of result summaries have also been trialled - like

grid-based layouts (Resnick et all, 2001; Kammerer and Gerjets, 2010; Chierichetti et al.,

201T). From these examples, Kammerer and Gerjets (2010) examined differences in searcher

behaviour when interacting with a standard list interface, compared against a tabular inter-

face (title, snippet and source stacked horizontally in three columns for each result), and a
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grid-based layout (result summaries placed in three columns). Those using the grid layout
spent more time examining result summaries, and demonstrated promise in overcoming

issues such as positional bias (Craswell et all, 2008), as observed by Joachims et al] (2005)).

Marcos et al! (2015) also performed an eye-tracking analysis, examining the effect of searcher
behaviours while interacting with SERPq — and whether the richness of result summaries
provided on a BERD (i.e. result summaries enriched with metadata from corresponding
pages) impacted upon the user’s search experience. Enriched summaries were found to

help capture a searcher’s attention.

Including both textual and visual information within results could have a positive effect
on the assessment of relevance and the formulation of queries (Joho and Jose, 2006). En-
riched summaries were also examined by Ali et al] (2009) in the context of navigational
tasks. Striking a good balance between textual and visual cues (i.e. proximal cues, as dis-
cussed in Section B.3.1.T) has been shown to improve a searcher’s ability to complete tasks,

and reduce search completion time.

AN Generating Snippet Text

Searchers may gain insight to the relevance of documents by examining the associated re-
sult summaries (He et all, 2012). Consequently, research has been undertaken that exam-
ined different kinds of snippets, and the optimal length of a snippet. Work initially focused
upon how these summaries should be generated (Pedersen et al), 1991; Landauer et ali, 1993;
Tombros and Sanderson|, 1998; White et all, 2003; Leal-Bando et al], 2015). These early works
proposed the idea of summarising documents with respect to the query (query-biased sum-
maries), or keywords-in-context —as opposed to simply extracting the representative or lead
sentences from the document (Kupiec et all, 1995). Examples of both approaches are illus-
trated in Figure [/.1. Indeed, Tombros and Sanderson (1998) showed that subjects of their

study were likely to identify relevant documents more accurately when using query-biased
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Source Document

British bumblebee extinct; other
species likely to follow
Associated Press (1998-12-14)

1

1

A British bumblebee is the latest :

species to become extinct here, ' Associated Press

and a handful of others will follow - A British bumblebee is the latest species to become extinct here, and

soon if the government does not ' a handful of others will follow soon if the government does not act to
1
1
1

Search

skylarks Web News Image Settings

Leading Sentence

British bumblebee extinct; other species likely to follow

act to save them, the World Wide save them, the World Wide Fund for Nature said Monday.
Fund for Nature said Monday.

Water voles, the high brown fritil-
lary butterfly, pipistrelle bats, sky-
larks, gray partridges and the song
thrush will all vanish during the
next decade or so without new leg-
islation to protect them, the...

British bumblebee extinct; other species likely to follow

Associated Press
...the high brown fritillary butterfly, pipistrelle bats, skylarks, gray
1 partridges and the song thrush will all vanish during...

WA A visual example of two different types of summary, along with a portion of an ex-
ample document from the AQUAINT collection. Given the query skylarks, the Search re-
sult summaries for both leading sentence and query-biased summaries are shown. Note the high-

lighting of the term skylarks in the query-biased summary.

summaries, compared to summaries that were simply generated from the first few sen-
tences of a given document. Query-biased summaries have also been more recently shown

to be preferred on mobile devices (Spirin et all, 2016).

When constructing snippets using query-biased summaries, Rose et al] (2007) found that
a user’s perceptions of the result’s quality were influenced by the snippets. If snippets
contained truncated sentences or many fragmented sentences (denoted as text choppiness),
searchers perceived the quality of the results more negatively, regardless of length. Ka-
nungo and Ory (2009) found that poor readability also impacted upon how the resultant
snippets were perceived. They maintain that readability is a crucial presentation attribute
that needs to be considered when generating a query-biased summary. Clarke et al! (2007)
analysed thousands of pairs of snippets where result A appeared before result B, but re-
sult B received more clicks than result A. As an example, they found results with snippets
which were very short (or missing entirely) had fewer query terms, were not as readable

and attracted fewer clicks. This led to the formulation of several heuristics relating to doc-
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ument surrogate features, designed to emphasise the relationship between the associated

page and generated snippet. Heuristics included:

= ensuring that all query terms appeared in the generated snippet (where possible);

» withholding the repetition of query terms in the snippet if they were present in the

page’s title; and

» displaying shortened, easily readable [URLS.

Recent work has examined the generation of snippets from more complex angles — from
manipulating underlying indexes ([urpin et al), 2007; Bast and Celikik, 2014), to language
modelling (Li and Chen|, 2010; He et all, 2012), as well as using a searcher’s recorded his-
tory to improve the generation of snippets (Ageev et all, 2013; Savenkov et all, 2011). The
previous generation approaches also may not consider what parts of a document searchers
actually find useful. Ageev et al! (2013) incorporated into a new model of post-click searcher
behaviour data, such as mouse cursor movements and scrolling over documents, producing
behaviour-based snippets. Results showed a marked improvement over a strong text-based
snippet generation baseline. Temporal aspects have also been considered — Svore et al.
(2012) conducted a user study that showed searchers preferred snippet text with trending

content in snippets when searching for trending queries, but not so for general queries.

YA Varying Snippet Lengths

As can be seen from the background to this chapter, the presentation of result summaries
has been demonstrated to strongly influence the ability of a searcher to judge relevance (He
et all, 2012). Relevant documents may be overlooked due to uninformative or unattractive
summaries — but conversely, non-relevant documents may be examined due to a mislead-

ing summary. However, longer summaries also increase the cost of the examination, so
y
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there is likely a tradeoff between informativeness/accuracy and length/cost. The current,
widely accepted standard for result summaries are two query-biased snippets/lines (Hearst,
2009). However, does this concept hold in an ad-hoc context? In this context, do searchers
—when presented with longer result summaries — gain an improved discrimination between

relevant and non-relevant result summaries?

To address these questions, we now discuss a user study that investigated the effects of
search behaviour (in particular, stopping behaviours) and search performance when we
varied the lengths of result summaries, and thus the information content therein. The user
study reported is crowdsourced (n = 53) and follows a within-subjects design. Under
ad-hoc topic retrieval, subjects used four different search interfaces, each with a different
size of result summary. Findings from this study allowed us to address two main research

questions, which we enumerate below.

= UL IEINOME How does the length of a result summary affect searcher stopping

behaviours, performance and user experience?

= LI IRINOPR Does the length of each result summary affect a searcher’s decision-

making ability and their likelihood of identifying relevant documents?

If longer result summaries affect searcher judgements regarding their relevance, it follows
that this will also influence their stopping behaviour, where searchers would stop at com-
paratively shallower depths (as per [F]] and BET]). This is because we assume that a greater
volume of text will require a longer period of examination (a greater examination cost).
Given sets of short and long result summaries, a searcher, over an identical time period,
will therefore examine fewer long result summaries than when examining the shorter sum-
maries. Refer to Section on page for more detail on the cost-interaction hypothe-

sis (Azzopardi, 2017)).

This explanation provides a justification for g\II4d4AEINePR. Corroborating evidence to

support the research question would be likely, as with longer result summaries comes a
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greater volume of information gain, as we demonstrate in Section [/.2.1.1. We hypothesised
that longer and more informative result summaries would enable participants to make bet-
ter quality decisions, due to a higher information content within a greater volume of text.

In the remainder of this section, we:

» discuss study-specific details to complement the general methodology outlined in Sec-

tion p.2;

= provide results and analysis from the study, providing insight into the two study-

specific research questions outlined above; and

» discuss the implications of the study.

We then take the interaction data from this study forward to Section /.3, using it as a means
of grounding an extensive set of simulations of interaction. These are used to examine in
greater depth how snippet length affects searcher stopping behaviours using our opera-

tionalised result summary level stopping strategies.

7.2.1 gVElele[e]leYe)Y

In this section, we outline the user study’s methodology. This section provides study-
specific, supplementary details that complement the general user study methodology. For
each subsection discussed below, we refer back to the relevant section in the general method-

ology to assist in understanding how each of the different components interact.

Below, we discuss the different search interfaces that we trialled, along with how we gen-
erated result summary snippets of varying length. We then provide a brief discussion of
the 53 subjects who took part in the user study, explain the search task, and discuss the

post-task surveys that subjects completed.
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AN Search System and Interfaces

In conjunction with the common retrieval system, corpus and topics discussed earlier in Sec-
tion p.1.3, we trialled four different search interfaces as part of the within-subjects study de-
sign. The four interfaces presented snippets, as part of result summaries, of varying lengths.
This allowed us to explore the influence of snippet length and snippet informativeness on

search behaviours, performance and user experience.

To decide the length and informativeness of Snlppet Fragments

the result summaries, we performed a prelim- Example below

...fragment one...fragment
two...fragment three...a sum-

mary can be comprised of
by [Kullback—Leibler Divergencd (Kullback and many fragments_

inary analysis to determine the average length

(in words) and informativeness (as calculated

Leibler, 1951) (Kullback and Leibler, 1951) to measure information gain, or relative entropy)
of result summaries with the title, and a varying number of snippet fragments? (from 0 to
10). The closer the entropy value is towards zero, the more information that is gained. Fig-
ure [.2 plots the number of words, the log of the information gain, and the information gain
attained per word. B8 Tt is clear from the plots shown in Figure 7 that a higher level of
information gain was present in longer snippets. However, as the length increased with
each snippet fragment added, the informativeness per word flatlined, with each fragment
added offering diminishing returns. Consequently, we selected the four different interface
conditions in the region where informativeness has the highest change, i.e. from zero to

four. The conditions selected for this study were therefore:

4Figure 9 on page b{ illustrates snippet fragments in the wider context of a BERT.

>These values were obtained by submitting over 300 queries from a previous user study, conducted by Az
zopardi et al] (2013). These were conducted on similar topics, the same retrieval system and the same corpus
as used in the study reported in this chapter.

®Why did we take the log of the information gain? This was primarily done to show a visual increase in
Figure .7 and extrapolate differences. Negative values stem from the fact that information gain values are
small, and the log of a small value (< 1.0) corresponds to a negative value.

“Figure /3 provides a complete, rendered example of the different result summaries in each condition,
using the same document.
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7.2 Varying Snippet Lengths

Snippet Fragments: Length and Informativeness
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H WA Plots showing the length (in words), informativeness (represented by the log of the
information gain, or IG), and the log of the information gain (/G) per word for the title, plus O to 10

snippet fragments. The closer the value is to zero, the more information that is gained.

« BN where only the title for each result summary was presented;

. where for each result summary, a title and one query-biased snippet fragment

were presented;
« BPA, where a title and fwo query-biased snippet fragments were presented; and

« BN where a title and four query-biased snippet fragments were presented.

From here, we carefully selected the order in which subjects were presented with each in-

terface. For each of the four main topics discussed in Section p.1.3, one of the four interfaces

from and [E:N were assigned to a topic using a Latin-square rotation. For

the practice topic, we used — a title and two snippet fragments — the interface that

represented the de facto standard for presenting result summaries (Hearst, 2009).

A WA Snippet Generation

For interfaces to each result summary required one or more snippet fragments

from the corresponding document. Asillustrated in the complete, rendered example in Fig-
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7.2 Varying Snippet Lengths

Se rc h Examples of result summaries across each interface
wildlife extinction

V_enezuela Decl_ares 42 Species in Danger of Exinction Title only
Xinhua News Service

\(enezuela Dec[ares 42 Species in Danger of Exinction Title + 1 snippet
Xinhua News Service

...the mammals in danger of extinction are the giant cachicamo, Margarita and...

Xinhua News Service
...of animals in danger of exinction and banned game hunting of another 105...af-
fecting the population of existing wildlife, such as the irrational exploitation...

Venezuela Declares 42 Species in Danger of Exinction

Xinhua News Service

16 (Xinhua) - Venezuela declared 42 wildlife species of animals in danger of...of
animals in danger of extinction and banned game hunting of another 105...affect-
ing the population of existing wildlife such as the irrational exploitation...the mam-
mals in danger of extinction are the giant cachicamo, Margarita and...

Venezuela Declares 42 Species in Danger of Exinction Title + 2 snippets

Title + 4 snippets

Fl WA Examples of the result summaries generated by each of the interfaces, , ,
and BEN. The same document is used. Demonstrated by Search, each of the result sum-

maries consists of: a title (in blue, underlined); none, one, or more snippet fragments (in black,

with fragments separated by ellipsis); and a newswire source (under the title, in green).

ure [/.3, each of the fragments generated was query-biased in nature (I'ombros and Sander-

son, 1998). Fragments were generated by splitting a given document into sentences (delim-
ited by a period), and scoring each of the sentences according to BM25 (where 5 = 0.75).
Fragments were then extracted from the ordered series of sentences by identifying query
terms within said sentences. Fragments were created by creating a window of 40 characters

from either side of the identified query term, as illustrated in the example figure below.

...affecting the population of existing wildlife such as the irrational exploitation...

< Query Term >

The ordered set of fragments were then joined together, in order of relevance and separated
by ellipses (with one only for KN, two for and four for ). These were combined
together with the document’s title and source newswire to form the complete result sum-

mary.
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7.2.1.3 BEEI(HRENS

As discussed previously in Section p.2.1], subjects were grounded by instructing them to
imagine that they were newspaper reporters. As such, they were required to gather (save)
documents to write stories about each of the four topics for which they were asked to search.
For this study, subjects were assigned ten minutes to each of the four search tasks. They
and were specifically instructed to find and identify as many relevant documents as they
could during this allotted time. As shown in Section subjects interacted with the stan-
dard search interface. Documents were saved by subjects when they were considered to be

relevant to the given [[RE( topic.

AW Crowdsourced Subjects

A total of 60 subjects took part in the platform. However, seven subjects were omit-
ted due to quality control constraints imposed on the study, as outlined in Section p.2.4 on
page [[47. This left 53 subjects who satisfied the conditions of the experiment. In all, of
the 53 subjects who satisfied the criteria, 28 were male, with the remaining 25 female. The
average age of the subjects was 33.8 years (min = 22; max = 48; stdev = 7.0). A total of
19 subjects reported possessing a bachelor’s degree or higher, with all expressing a high
degree of search literacy, and reportedly conducted at least five searches for information

online per week.

With a total of 53 subjects considered in the results of this study, each searching over four
topics, this meant a total of 212 search sessions being logged and available for analysis.
Finally, we report results over a reduced time period of six minutes (360 seconds). This de-
cision was taken as not all of the 53 subjects spent the full ten minutes searching, with these
subjects skewing results. By reducing the time period that we considered, we ensured that
we could extract meaningful data from the interaction logs, and guaranteed that subjects

were interacting with the experimental system up until the cutoff point.
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7.2.1.5 RS EN GV

With the pre-task survey the same as that outlined in the general methodology (refer to
Section p.3), surveys for this study differed post-task and post-experiment. Here, we discuss

the questions posed in each of the four post-task surveys.

A seven-point Likert scale was used for post-task surveys, similar to the pre-task surveys.
Upon completion of each search task, the following statements were completed by each

subject, selecting from strongly disagree to strongly agree.

= NOEAA The result summaries presented were clear and concise.

= WECL il [IN The result summaries presented increased my confidence in my deci-

sions.

» RUICIPEELESN The result summaries presented were informative to me.

GEEVELEN The result summaries presented allowed me to judge the relevance of the

associated document.

» IREELEDIAA The result summaries presented were readable.

= BSIF4LR The result summaries presented were of an appropriate size and length.

These questions allowed us to obtain quantitative data alluding to how each subject per-
ceived the search interface with which they interacted, and allowed us to ascertain the sub-

jects” evaluations of the differing result summary lengths.

VAVRNW Post-Experiment Survey

At the end of the experiment, subjects also undertook a post-experiment survey. Five ques-
tions were posed, this time asking subjects to select which one of the four different interfaces

best reflected their opinion of the question asked.
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» RULCEALIGCIEIGYFR Of the four interfaces, what one yielded the most informative

result summaries?

« BEEESEELITFR Of the four interfaces, which one provided the most unhelpful result

summaries?

» BEHESFN Which of the four interfaces provided result summaries that were easiest

to understand?

» REEHAVESTIFE Of the four interfaces, which one provided the least useful result sum-

maries?

o WCHALEEECEE Of the four interfaces, what interface did you prefer using the

3
o
2N
~

These questions allowed us to determine which interface delivered the optimal outcome for

searching when considering different criteria.

7.2.2 BRENISELGENSS

From the four aspects we highlighted in Section p.3, we report results from the study across
four main sections, including analysis of: behavioural measures (interactions); time-based

measures; performance measures; and user experience (surveys).

Each measure was analysed over the four different search interfaces. To perform our analy-
sis, Analysis of Variance (ANOVA) tests were used using the interfaces as factors; main effects
were examined with @ = 0.05. The Bonferroni correction was used for post-hoc analysis to

determine what interfaces offered significant differences.

To check whether the interfaces were sufficiently different with respect to snippet length
and information gain, we performed an analysis of the result summaries that were pre-

sented to the subjects. Table [/.]] summarises, over each interface, the number of words and
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IELICWANI Characters, words and the log of the Information Gain (IG) across each of the four

interfaces trialled. le[alifle=la\e iR {=Ig=lale=I were revealed, with follow-up tests showing that each

interface was significantly different to others. An greater IG value denotes a higher level of IG.

TO T T2 T4
Words 6.58+0.01 25.21+£0.06 44.29+0.10 77.06+£0.13
Characters 37.37+£0.05 103.29+0.17 168.36+0.23 284.78+0.31

-6.35+0.01 -3.59+0.00 -3.00+0.00 -2.67+0.00

IG/Word -1.17+0.00 -0.18+0.00 -0.08+0.00 -0.04+0.00

characters that result summaries contained on average. As expected, the table shows an in-
creasing trend of words and characters as the number of snippet fragments were increased.

Information gain (or relative entropy), as previously discussed, was calculated using KL]

divergence (Kullback and Leibler, T951).8 A two-tailed Student’s t-test (where & = 0.05)

showed that the differences between snippet length (F(3,208 = 1.2x10°,p < 0.001)) and in-
formation gain (F(3,208) = 2.6x10,p < 0.001)) were . Follow up tests revealed
that this was the case over all four interfaces, indicating that our conditions were indeed
different over these dimensions. These findings provide some justification for our choices
of the number of snippet fragments used with each interface. A diminishing increase in
information gain after four snippet fragments suggested that there would not have been

much point generating result summaries that were any longer.

7.2.2.1 RS d o i CENIES

Across the four experimental interfaces trialled, Table .2 presents the mean (+ standard

deviations) of:

» the number of queries issued (#Queries);

8For consistency with the pilot study reported in Figure 2, we again took the log of the information gain
and reported them in Table [/]].
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7.2 Varying Snippet Lengths

IELIEWAPAR \/arious measures reported over each of the four experimental interfaces, ,
, and BN, Included are interaction and time-based measures (behavioural), as well

as performance-based measures. No significant differences were observed, bar for the time per

result summary, as [allelallfe]ale=lelM. Refer to Section for details.

3.72+0.34 3.19+0.35 3.30+0.35 3.28+0.31
m
"'('5, 2.87+£0.29 2.69+0.23 2.43+0.13 2.40+0.20
é 4.23+0.55 4.83+0.54 5.14+0.66 4.76+0.62
15.44+1.81 17.00+2.21 14.37+£1.39 13.53+1.95
0.25+0.02 0.23+0.02 0.27+0.02 0.25+0.03
[J]
é 0.68+0.66 7.00+0.63 0.49+0.58 7.60+0.79
qg 2.58+0.34 2.28+0.25 2.47+0.28 2.66+0.32
a
1.85+0.32 2.08+0.29 1.98+0.24 1.68+0.32
8.29+0.57 7.99+£0.57 9.42+0.79 8.12+0.48
E 17.32+2.12 22.82+6.03 17.19+1.86 18.99+2.13

« the number of BERPY viewed per query (#SERPs/Query), considering pagination;
» the number of documents viewed per query (#Docs./Query); and

» the mean click depth — or stopping depth (Depth/Query).

These are all presented within the Interactions grouping. Across the four experimental
interfaces of , and BMES, there were no significant differences reported

between any of these measures. The number of queries issued follows a slight down-
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7.2 Varying Snippet Lengths

IELICWACE A summary of the various interaction probabilities over each of the four experimental

interfaces examined. Note the increasing trends for each probability from — BN Sec-
tion on page [167 provides an explanation of the various probabilities listed here. No sig-

nificant differences were observed across any of the probabilities and interfaces.

P(C) 0.20+0.02 0.25+0.02 0.26+0.03 0.28+0.03
R
6—) P(CIR) 0.28+0.03 0.34+0.03 0.35+0.03 0.40+0.04
P(CIN) 0.18+0.02 0.23+£0.02 0.25+0.03 0.24+0.03
P(S) 0.61+0.04 0.68+0.04 0.65+0.03 0.71+£0.03
v
5 P(SIR) 0.66+0.06 0.69+0.05 0.67+0.05 0.66+0.05
P(SIN) 0.55+0.04 0.65+0.04 0.58+0.04 0.67+0.04

ward trend as the length of the result summaries (dictated by the interface conditions) in-
creased (3.72 + 0.34 for MEN, to 3.28 + 0.31 for ). This was also true for the number
of BERPY examined. However, the depth to which subjects went to per query follows a
downward trend. As the length of each result summary increased, subjects were likely to
go to shallower depths per query when examining result summaries (15.44 + 1.81 for
to 13.53 £ 1.95 for MER). Although not significantly different, we observe that result sum-
mary length does appear to influence searcher stopping behaviours. When using interface

‘8 for example, subjects viewed fewer SERPH per query, and correspondingly examined
to shallower depths. Taken together, these two measures demonstrate that a relationship

may exist between these factors.

Interaction probabilities all showed an increasing trend as result summary length increased
over the four experimental interfaces, as shown in Table [.3. Explanations for what each of

the different probabilities represents can be found in Section on page [[67. Although
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no significant differences were observed over the four interfaces and the different probabili-
ties examined, values reported across all probabilities generally showed an increasing trend
as result summary lengths increased. An increase was observed for both the probability of
clicking result summaries on the SERP| (P(C)) and saving the associated documents (P(S)) as
relevant were observed. When these probabilities are examined in more detail by separating
the result summaries clicked and documents saved by their [RE(Q relevance, we see increas-
ing trends for clicking and saving — both for TREQ relevant (P(C|R) and P(SIR) for clicking
and saving, respectively), and [REQ non-relevant documents (P(C|N) and P(M|N)). This
interesting finding shows that an increase in result summary length does not necessarily
improve a subject’s accuracy, but simply the likelihood that they will consider documents

to be relevant, making them more click happy.

7.2.2.2 BHuGEEEEN = RV EENI S

Table /.2 also presents three time-based measures (within the Times grouping) that were

observed across the four experimental interfaces. We show:

» the mean time spent by subjects issuing queries (Per Query);

» the mean time spent by subjects examining individual documents (Per Document);

and

» the mean time spent examining individual result summaries (Per Summary).

No significant differences were found between the time spent per query, and the time
spent examining individual documents. However, a difference did exist for the time spent
per result summary, as can be seen from the table. A clear upward trend in the time
spent examining result summaries can be seen in Figure [/.4 as their lengths increased, from

1.63 + 0.13 for WON to 2.6 + 0.27 for and this difference was statistically significant
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Time per Result Summary

Time (in Seconds)

-3.0
“los =
o ‘@
The longer the presented result summary,
the greater the time (on average) required

Experimental Interface to examine them

Hl WA Plot and table illustrating the mean time spent examining result summaries across
each of the four experimental interfaces trialled. Note the increasing mean examination time as the

result summary length increases, from JEN — . Error bars denote the standard deviation.

(F(3,208) = 3.6,p = 0.014). The follow-up Bonferroni test showed that significant dif-
ferences did exist between interfaces and WEN. This finding suggests that as result
summary lengths increased, the amount of time spent examining individual result sum-
maries also increased. This also complies with trends observed regarding examination
depths. When the length of result summaries increased, subjects were likely to examine
result summaries to shallower depths. This is an intuitive result; given the cost-interaction

hypothesis (Azzopardi, 2011)), one would expect a searcher to examine less content if the

cost of such content (i.e. the greater length, and amount of information) were to increase.

Also included within Table .2 are our reported performance measures, this time shown un-
der the Performance grouping. Again, these are reported over each of the four experimental

interfaces trialled. We report the mean performance of:

= the issued queries, with the corresponding P@10 score;

= the number of documents that were saved by subjects (#Saved); broken up into
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— the interactive precision, or the number of saved documents that were [[REQ
relevant (#TREQ Saved (iP)); and

— the number of saved documents that were not [[RE( relevant (#TREQ Non.).

Like the interaction measures examined previously, no significant differences were ob-
served over the four experimental interfaces examined. The performance of queries issued
by subjects was very similar across all interfaces (P@10 ~ 0.25), along with the number of
documents identified by subjects as relevant (6.49 + 0.58) for @M to 7.6 + 0.79 for ,
and the interactive precision (2.28 + 0.25 for to 2.66 + 0.32 for ). Considering the
number of saved [[RE( non-relevant documents, subjects saved on average two of these

documents. However, there were no significant differences between the four interfaces.

In this section, we analyse the results of the post-task and post-experiment surveys that
subjects completed. Examining the results from these surveys allowed us to capture the
perceived experiences of the subjects when using the experimental system across all four

interfaces trialled.

H S EH SRS Table [/.4 presents the mean set of results (and their standard devia-

tions) from subjects across the four interfaces trialled. The survey questions are detailed in
Section [/.2.1.5. Using a seven-point Likert scale for their responses (with 1 denoting a strong
disagreement, and 7 denoting a strong agreement), significant differences were found in all

question responses, as shown below.

. F(3,208) = 5.22,p = 0.001
. P(3, 208) = 5.2,p = 0.001
. F(3,208) = 5.22,p = 0.001
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IELICWAYR Summary table of the recorded observations for the post-task surveys, indicating the

preferences of subjects over the six criteria and four experimental interfaces. Across all criteria,

0N was EfelaiilechldA[IiEl=nMll from the other three interfaces. Using the seven-point Likert

scale, results are shown from 1 (strongly disagree) to 7 (strongly agree).

Clarity 4.16+0.27

5.00+0.21 5.06+0.24 5.40+0.20
5.38+0.24 5.27+0.24 5.62+0.20
4.89+0.25 5.08+0.24 5.36+0.20

. F(3,208) = 6.4, p < 0.001
» BGEECELINEA F(3,208) = 9.25,p < 0.001

- BP0 F(3,208) = 7.28,p < 0.001

However, follow-up Bonferroni tests show that a significant difference occurred only be-
tween interface and and MEN. A series of discernible trends can be ob-
served throughout the responses, with subjects regarding longer result summaries as clear
and concise, and possessing a higher degree of clarity (4.16 + 0.27 for [keN to 5.4 + 0.2 for

I.N). This improved clarity also provided subjects with greater confidence that longer
result summaries helped them better determine the degree of relevance to a given topic.
Interaction results presented above however differ from this (as shown in Table [/.3), where
the overall probability of saving documents increased, regardless of the document/topic
relevance judgement. Other notable trends observed from the results included an increase

in how informative subjects perceived results to be — again, with longer result summaries
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IELICWACE Raw results of responses from the post-experiment exit survey completed by each
subject. More information on the survey can be found in Section [7.2.1.6, with results discussed in

Section [7.2.2.4. Questions recording the highest value(s) for each interface are Jielalllle=CR.

Least Helpful -

4
.
— 4

5

proving to be more informative. Subjects also reported a general increase in satisfaction of
the length of the presented result summaries. However, as mentioned, no significant dif-

ference existed between the three interfaces in which snippets were generated as part of the

result summaries (i.e. and BMEN).
OSSN EL SR As detailed previously in Section [/.2.1.6, subjects completed a

post-experiment exit survey. Responses from the subjects are presented in Table [.5. From
the results, subjects found result summaries of longer lengths (i.e. those generated by in-
terfaces and ME8) to be the more informative, and those generated by lIN — without
any snippet(s) — to be both the least helpful and useful. Longer result summaries were also
consistently favoured by subjects who preferred them over the result summaries generated
by interfaces and EN. Subjects also found the result summaries of longer lengths to

be better in helping them satisfy their given information need.

From the results, it is clear that a majority of subjects preferred longer result summaries
to be presented on SERPY, generated by interfaces and MER. This is illustrated in
Table /.5 by the gallelallls|gidlafsl of the key results. Note that interface KN tended to be the

most popular option for questions with a negative tendency.

213



7.2 Varying Snippet Lengths

yRW Discussion and User Study Conclusions

This user study investigated the influence of result summary length on search behaviour

and performance. Using KL-divergencd (Kullback and Leibler, 1951) as a measure of in-

formation gain, we examined result summaries of different lengths. We selected a series of
result summary lengths (comprised of snippet fragments) where there was a significant dif-
ference in information gain between them, which in turn yielded the configurations for our
four experimental conditions, and M. A crowdsourced, within-subjects
user study was performed comprising of 53 subjects, each of whom undertook four search
tasks, using each of the four experimental interfaces. This work addressed two key research
questions, which explored how: the length of a result summary affected
search behaviour and user experience; and whether the length of result

summaries affected the decision making ability and accuracy of the subjects.

Addressing first in terms of search behaviour, there were few significant
differences, but we did observe the following trends. As result summary length increased,
subjects issued fewer queries and examined fewer SERPS, but importantly demonstrated a
higher probability of clicking result summary links. Our results also show that in terms of ex-
perience, subjects broadly preferred longer result summaries. Subjects reported that longer
summaries were more clear, informative, and readable. In addition to this, the longer result

summaries also gave subjects more confidence in their relevance decisions.

With respect to we again observed little difference in subjects” decision
making abilities and accuracy between the four experimental interfaces. While subjects
perceived longer result summaries to help them infer relevance more accurately, our em-
pirical evidence suggests otherwise. In fact, it would appear that longer result summaries
were more attractive, increasing the information scent of the SERP. This may account for
the increase in clicks at higher ranks. However, the accuracy of our subjects did not im-

prove with longer result summaries, nor did they find more relevant documents. Increased
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confidence in the result summaries (from interfaces — BMEN) may have led to a more
relaxed approach at saving content as relevant, as can be seen by increasing click and mark
probabilities for both relevant and non-relevant content. It is also possible that the paradox
of choice (Oulasvirta et al], 2009) could play a role in shaping a searcher’s preferences. For
example, in interface subjects viewed fewer results/choices than when using other
interfaces. This may have contributed to their feelings of greater satisfaction and increased

confidence in their decisions.

These novel findings provide new insights into how searchers interact with result sum-
maries in terms of their experiences and search behaviours. Previous work had only fo-
cused upon task completion times and accuracy of the first result while not considering
their experiences (Cutrell and Guan, 2007; Kaisser et al), 2008). Our findings show that
while containing a greater amount of information content, longer result summaries are not
necessarily better in terms of decision making. However, subjects perceived this to be the
case. We also show a positive relationship between the length and informativeness of re-
sult summaries and their attractiveness (clickthrough rates). These results show that the
experiences and perceptions of searchers (and the actual performance of those searchers) is

different, and when designing interfaces, this needs to be taken into account.

A Simulated Analysis

With our user study now reported, we move onto our corresponding simulations of inter-
action. In particular, this section reports on how the twelve different result summary level

stopping strategies performed (defined earlier in Chapter f on page [21)):

. perform; and

« JLIRINOKL N approximate actual searcher stopping behaviours.
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For both research questions, these are addressed under the context of varying result sum-
mary lengths. In the remainder of this section, we provide methodology details specific to

this study (Section [/.3.7)), before providing the results of the simulations (Section [.3.2).

7.3.1 EVE lele[e][eYe)Y,

This methodology section outlines the details specific to this set of simulations. One can as-
sume that any components not discussed here were instantiated as presented in the general
simulation methodology, provided in Section p.4 on page [[57. As we wish to examine how
stopping behaviours vary when searchers are exposed to interfaces with result summary
snippets of different lengths, we utilised all four of the experimental interfaces defined ear-
lier. These are discussed below (Section [.3.1.7]), before we outline the interaction costs and

probabilities extracted for each interface (Section p.4.2.7)).

/AR Experimental System and Interfaces

The experimental system used for these simulations was largely the same as outlined in
Section .4 on page [[57] - save for the incorporation of the snippet generation components
as outlined previously in Section [.2.1.7 within the SimlIR framework. By incorporating
this component, this allowed us to run simulations whose simulated searchers were also
subjected to interfaces and @EN. We could then mirror closely — given

the experimental setup — the interfaces that the real-world searchers were subjected to.

AW Interaction Costs and Probabilities

We then took the interaction log data from the associated user study. Given the four exper-
imental interfaces, we could then (following the methodology outlined in Sections p.4.2.3

and p.4.2.T) extract different interaction probabilities and costs to ground our simulations.
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Summary table of the different interaction costs (in seconds) and probabilities, with
P(C) denoting the probability of a click, and P(S) denoting the probability of saving a document

(considering it relevant). Refer to Sections 6.4.2.1|and 6.4.2.3 respectively for further information

on how the costs and probabilities were extracted. All probabilities in this table is attained from

interaction data from the user study reported in Section 7.2,

0.28 0.34 0.35 0.40

N P(CIR
5
o

P(CIN) 0.18 0.23 0.25 0.24
a P(SIR) 0.66 0.69 0.67 0.66
&

P(SIN) 0.55 0.65 0.58 0.67
)
o
g
=3 Result Summary 1.63 2.21 2.35 2.60
2
o

360 seconds (refer to Section [7.2.1.4))

The interaction probabilities and costs for each of the four interfaces are presented in Ta-

ble [/.§. Included in the table under the P(C) and P(S) groupings are:
» the probabilities for clicking a result summary link, broken down over whether the
associated document is [[RE( relevant (P(CIR)) or not (P(C|N)); and

» the probabilities for saving a document (denoting its relevance to the given [REQ
topic), again broken down over whether the document is [TRE( relevant (P(SIR)) or
not (P(SIN)).
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Interaction costs denote the time required by the simulated searchers to undertake different

tasks. Interaction costs listed in Table [/.§ (under the Costs grouping) include:
» the time taken to issue a query (labelled Query);

« the time taken to perform an initial examination of the SERP (SERP);

» the time taken for a simulated searcher to examine an individual result summary (Re-

sult Summary);
» the time taken for a document examination (Document); and

» the time required to save a document (Save).

Details for what constitutes each individual interaction cost can be found, as previously
stated, in Section p.4.2.1 on page [[63. Note that the SERI] examination cost was included
even though the FERD stopping decision point was disabled in these simulations; this en-
sured that a cost was still paid when performing a FERH examination, even if the outcome

was always the same.

Regarding the total session time, simulated searchers were permitted a total of 360 seconds
to perform each search session. This was the same total session time used in the user study
analysis, as discussed in Section [/.2.1.4. Simulated searchers within this time period would
save as many documents as possible that were judged to be relevant according to the pre-

rolled action judgement files (refer to Section p.4.2.3 on page [167).

We now report the results of our simulations of interaction. We discuss our findings over

two subsections, considering:

» the performance runs (Section [/.3.2.1)), where we discuss the highest levels of perfor-

mance attained by simulated searchers under different what-if scenarios; and
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» the comparison runs (Section [[.3.2.2), where we provide results of the simulations that

were directly compared to actual mean searcher stopping behaviours.

Both of these sections provide an answer for high-level research questions zIEINOEER and
LIRI{OX] N respectively, under the context of varying result summary lengths.

ST HILNERINGE In order to determine what result summary level stopping strate-

gies were different from others, we employed significance testing. All tests in this section
utilise the two-tailed Student’s t-test, where @ = 0.05. We compared the best performing
or approximating stopping strategies against the other eleven. Here, we are interested in
statistical non-significance (i.e. a > 0.05), meaning that the compared stopping strategies are

similar to one another in terms of performance or approximations.

Before discussing the performance (what-if) results, we must first determine whether the
implemented querying strategy MOENER delivered queries of expected performance. Re-
call that is an interleaved querying strategy, where queries from two other querying
strategies (poor) and (good) were interleaved ’coge’cher.E In turn, this allowed
us to determine how robust a given result summary level stopping strategy was. With a poor
query, searchers would be best placed to abandon the associated SFERP at shallow depths,
as an example. As such, we first examined the average performance of all generated queries
issued to the underlying retrieval system. An example of the interleaving approach that we
employed is demonstrated in Figure [.5. In this illustration, we see four actual queries that
were issued for the piracy topic. Single term queries (i.e. ‘clashes’) were generated by

; three term queries (i.e. ‘piracy taking control’) were generated by JoEEN.

Table [/7 reports on a number of different P@k measures for each of the three individual

querying strategies. We consider P@1, P@5, P@10 and P@20. Values (+ standard devia-

Refer to Section p-4-2Z.2 on page [[64 for additional information on how these querying strategies were
implemented.
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IELICWAVA Mean P@k values (+ standard deviations) of all generated queries issued for perfor-
mance runs. Precision values are reported at depths of 1, 5, 10 and 20 over HOEYW (single term

queries), MOEEN (three term queries) and interleaved querying strategy Oy EEN. Note the general
increase in average query performance as we tend from - .

0.04 +0.20 0.19 £ 0.39 0.23+0.43
0.03 +£0.07 0.14 £ 0.21 0.18 £ 0.23
0.02 £ 0.07 012+0.18 0.14 +0.19
0.03 +£0.07 0.08 +0.13 0.10+0.14

tions) for each of these measures were computed over each of the individual queries issued
during the performance runs. A total of 101 unique queries were identified across the five
topics trialled to produce these results. As per the querying strategy descriptions outlined

in Section p.4.2.7, we split queries into sets for either HOEYM (for single term queries) or

(OLKN (for three term queries), and both sets for . From the table, we can see from
left () to right (MOXEN) an increasing trend in performance, demonstrating that the
performance of the queries that were issued was in line with our expectations. Moving
forward as we report the performance of individual stopping strategies, this provides con-
firmation that the querying strategies were working as intended. We believe that
provides a good test environment to evaluate the robustness of the twelve individual result

summary level stopping strategies.

We now turn our attention to the main results of the performance (what-if) simulations.
We primarily consider in our reporting, which requires an examination of the
performance for each result summary level stopping strategy. Before this, we consider the
general trends that we observed from the results of the experiments and consider the dif-

ference between the four experimental interfaces.
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TREC Robust Track 2005
Topic 367

Piracy (Identify instances of vessels being captured and boarded)

piracy taking legal P@10=0.4

clashes P@10=0.0

piracy taking control P@10=0.3 vessels P@10=0.1

Illustration highlighting several queries issued during the performance (what-if) ex-

periments, as generated by MOENEEN. The selected topic illustrated is topic 367, piracy.
Notice the interleaving between single term and three term queries, along with the varying levels

of performance between single term and three term queries, represented here by the P@70 score.

Figure [/.§ provides twelve individual plots, one per result summary level stopping strat-
egy. The plots represent the mean levels of performance attained at varying depths per
query, averaged over the five individual topicsll and 50 individual trials. This is shown
across interfaces and WEAN. Each point on a plotted line represents a stop-
ping threshold parameter configuration for a given stopping strategy. The mean depth per
query is represented along the x axis, with the performance attained (represented as [CG)
represented on the y axis. Although some stopping strategies caused simulated searchers
to browse to depths greater than 25 on average, we cut all plots at this value for consistency,

and to better illustrate how performance varies at shallower depths.

General trends across all twelve stopping strategies can be observed from the plots in Fig-
ure [/.6. We first note that as we alter the various stopping threshold parameter values that

we trialled, we see that mean performance is attained from shallower to greater depths per

10This figure includes the practice topic, privacy — as real-world queries were not required for this set of
experiments, we could use this topic.
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Stopping Strategies and Interfaces: Performance over Depths
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LITEWAR Plots showing the varying levels of performance, measured in [CG, against the mean

depth per query. Each result summary stopping strategy is shown on an individual plot, with each

of the four experimental interfaces shown within each plot. The depth per query reported on each

x axis is cut at 25 to allow for an easier comparison between different stopping strategies.
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query. In turn, this generally results in a gain in overall performance, with the mean CQ
attained generally increasing as the depth per query increases. However, this is true only
until a certain point, representing the maximum level of mean [CG attained. After this point,
which is illustrated in a more profound way with some stopping strategies than others, a
simulated searcher would begin to browse to greater depths on average. At greater depths,
the searcher would encounter fewer and fewer potentially relevant documents, and thus
would begin to waste time examining the same SERB. This is represented in the plots as the
downward trend of mean [CQ at greater depths per query, clearly visible after the highest
level of CQ is attained. This general trend can be clearly observed from our baseline, fixed-
depth stopping strategy, approximately at . An increase in mean [CQ up
until a mean depth per query of = 6 (for most interfaces) can be observed; after this point,

we generally observed a gradual drop-off in performance.

Considering the four plots in Figure [/.¢ from the perspective of the four experimental in-
terfaces, little difference can be observed across all twelve stopping strategies, and across
the varying depths per query. The same general trends can be observed across ,
and WY, with plotted lines representing each interface being largely invariant to each
other. However, some interesting observations can be made. Even though the mean lev-
els of [CQ are all very similar, we do find that interfaces yielding snippet text of greater
length (interfaces and WMEN) generally outperform the interfaces with minimal and
no snippets (interfaces and WION, respectively). This is an unsurprising result — per-
formance of subjects in interface was generally worse in the reported user study, and
this poorer performance had a subsequent impact upon the simulations of interaction which
were grounded by interaction data from the said user study.l! However, as the mean depth
per query increases, we find in all plots reported in Figure [.§ that the mean level of [CG
begins to close up over each of the four interfaces. This can be attributed to the fact that
at greater depths, the likelihood of encountering relevant material decreases and will likely

converge. Generally however, results are consistent across the four experimental interfaces.

HRefer to Table g for the different interaction costs and probabilities used to ground the simulations.
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IEBICWARCE Results from the simulated what-if performance runs, showing the highest levels

of [Cd attained for each result summary level stopping strateqy trialled. x, denotes the parameter

threshold(s), with DQ denoting the depth per query at which the greatest @ value was attained
at. For each interface, the stopping strategy which attained the highest level of CJ is [ialelille| e N.

Light blue highlighting denotes no significant difference from the best performing strategy, with

no highlighting denoting a significant difference at a=0.05. For combination thresholds, x,,x4 are

presented for BEIEIEOIVER with x10,x4 for BEERNE(E0]Y =N
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With the twelve plots in Figure [/.§ presenting a broad overview of the variation in perfor-
mance as the mean depth per query increases, we now turn our attention to the peaks in
each plot for the four individual experimental interfaces — or the highest levels of [CQ that
were attained. Table [/.§ reports these values, across each of the twelve stopping strategies
(rows), and over the four individual experimental interfaces (columns, grouped by B¢

or MEEN). For each of the twelve stopping strategies, we report: the highest level
of CQ attained (CG); the mean depth per query at which this value was reached (DQ); and
the stopping threshold parameter value(s) used to reach this value (xp). are the
stopping strategies that yielded the highest overall level of [CG. Across all four interfaces,
combination stopping strategy attained this, with mean [CQ values of 2.45,
2.44, 2.52 and 2.67 reported for interfaces and BN respectively. These
values were all reached at similar depths per query (5 — 6.5), and with a similar range of
threshold values, with x4 ~ 8 — 10, and x190 = 10 seconds.2 The relatively low levels of
mean depths per query (6.53, 5.66, 5.33 and 4.91 for interfaces and WK

respectively) at which the best CJ was attained also demonstrates that was
particularly robust at detecting a FERH with good results, and vice versa. As such, the
low depths per query indicate that the simulated searchers were confidently able to aban-
don poor quality SERPY without affecting their overall performance. Of course, this result
is unsurprising considering how we instantiated . Using P@]1 to determine
the patch yield type, our approach drew upon [TREQ [JRELS. This meant that the strategy

would make the correct decision (as per the theory) for every FERH examined.

Upon closer examination of Table .8, we also find that the other combination strategy
SREEIE0) VIR (relating to a combination of both frustration and satisfaction stopping strate-

gies) consistently placed second in performance rankings across the four experimental in-

12As a reminder, BSEREX@6]YI:W considers the type of patch presented by a given BERD, before employing
either the satisfaction-based stopping strategy BESEERAM for high yields early on. Alternatively, the give-up

time-based stopping strategy BSUNOEHARII=N was selected if the FERT did not appear to yield promising

results early on.
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Combination Stopping Strategies over T2: Performance over Depths
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HlNEWAVA Plots illustrating performance over varying depths per query. Reported are perfor-

mance values over combination strategies IEEIEIEOI IR (left) and BEEIREEOI VIR (right). With

each line representing a value from x4 (refer to legend), each point on the lines represents perfor-
mance and depth for a threshold value from x, on the left, and x;0 on the right. Little difference

in performance is observed between variations of parameter combinations.

terfaces trialled, very close behind the mean [CG values attained by BESEAREIE0I -8 (with CG

values + standard deviations for both combination strategies reported in Table [.9). Again,
this demonstrates that a combination strategy appears to be very effective at eliciting good
levels of performance, and suggests that a degree of flexibility in selecting their stopping

criterion/criteria is advantageous to searchers.

It should be noted that the two plots reported in Figure [/. on page P22 for both R0 V] ]
and BSRANEIEOIVIER are shown over the best performing x4 value for each stopping strategy,

as reported in Table .§. With two sets of parameters for these combination strategies, re-
porting in these plots would have been difficult — Figure [/.7 instead reports the varying
levels of [CQ across different mean depths per query, for each of the different x4 values tri-
alled. These are shown over interface only; similar plots were observed for the other
three experimental interfaces, and as such are not reported here. We can see from these

plots that similar trends can be observed across the range of mean depths per query over
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eI EWACE The highest levels of [CJ attained by the two combination result summary level stop-
ping strategies, across the four different experimental interfaces. Reported in the table are the

standard deviations, demonstrating a high variance between trials.

SS5-COMB 2.41+£2.47 2.30+2.44 2.52+2.67 2.56+2.27
SS11-COMB 2.45+2.59 2.44+2.41 2.52+2.52 2.67+2.52

both stopping strategies. The change in performance for BEYNEIEOIVIR is more profound

— as x4 increases, so too does the mean level of CQ attained.

With both BEREEERIV:N and BEEYNEIEOIVIER performing very well in terms of the high-

est levels of [CQ attained, a cursory examination of Table [.§ will also confirm that sev-

eral other strategies also perform to a high standard. With these generally high levels of
performance being reported, we decided to perform statistical significance testing to deter-
mine if the performance of any stopping strategies were significantly different (or not) from
that of . As discussed previously in this section, we performed two-tailed
Student’s t-tests over the [CQ values, comparing against the other eleven
stopping strategies. Results of the statistical testing showed that a majority of stopping
strategies were indeed not significant (p > 0.05), denoting that the performance was simi-
lar to . In Table .§, highlighted cells denote that the represented stopping
strategy was similar in terms of performance to the best performing. Stopping strategies
without any cell highlighting offered statistically significant differences, meaning that
values were worse than the best reported over . Of the eleven remaining
stopping strategies, we generally observe — across the four interfaces — that the following

showed similar levels of performance:

. the fixed-depth stopping strategy;

« BRPEINIE and BERERINON the frustration-based strategies;
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= BSREEERTAN, the satiation-based stopping strategy;
« BEERLE0)EN the frustration and satiation combination strategy;

« REEIAN the [FT-based stopping strategy; and

= SRR and BSRRERNERIIIN the time-based stopping strategies.

This accounts for a majority of the remaining eleven stopping strategies trialled. The re-

maining three:

= SRR and BRYEADINE the difference-based stopping strategies; and
= BERAPEICER the RBD-based stopping strategy

generally offered significantly different levels of CQ (across the four experimental inter-
faces) from those of BERNEIEOIV:B. We now briefly examine the remaining stopping strate-

gies, before moving to the reporting of the real-world simulated comparisons.

We first consider SENEENE, BEPENIE and BERERNON together. Examining the figures for

the first three stopping strategies in Figure [/.6, we observe very similar plots following the
aforementioned trends in performance over mean depths per query. Comparing the plots
for and in particular, striking similarities can be observed.
yields similar plots, but spread over greater mean depths per query.l Examining Table 8,
similar levels of CQ can also be attained over three stopping strategies, all at similar mean

depths per query (2.50 at a DQ of 6.33, 2.49 at a DQ of 6.16 and 2.35 at a DQ of 6.19 for

SRAELDE, BRPENE and SRERINER respectively, over interface [iP). This result is inter-

esting as intuitively, one would expected both BEPENIN and BSEEEN[@N to offer greater per-
formance over BEREYEIEPVE. This is because the frustration-based stopping strategies are adap-

tive in nature, curtailing the examination of result summaries early when results are mostly

non-relevant. This is in contrast to the fixed-depth strategy (and baseline) of BSSYEIEVE.

13This is due to the fact that the stopping criterion for JEEEENN considers a series of contiguous, non-

relevant items to be found. This can mean that a searcher subscribing to this stopping strategy will typically
examine content to greater depths before meeting this criterion.

228



7.3 Simulated Analysis

Moving to the satiation-based stopping strategy we find that the associated plot
in Figure [/.§ looks somewhat invariant compared to other strategies. A relatively consistent
level of CQ can be attained at a range of mean depths per query. It is somewhat surprising
how this stopping strategy performs so well, given that it may have been better suited to a
session-based stopping decision point (e.g. as applied in the study reported in Chapter )
than being applied at the result summary level. Nevertheless, yields good levels
of CQ (2.10 — 2.30). A low stopping threshold (x;) value ranging from 2 to 5 provides these
levels of CQ across the four experimental interfaces, suggesting that to acquire good levels

of CG, finding 2 to 5 potentially relevant documents is a good approach to follow.

Turning our attention to the [FI}-based stopping strategy we notice the lower
values of [CQ that are attained in Table .§. These values are generally reached at greater
mean depths per query. If we examine the plot for in Figure[/.§, we notice a drop
in mean accumulated [CG after a D/Q =~ 7. However, the low levels of CQ3 in comparison to
other stopping strategies (e.g. 2.13 vs. 2.52 for over interface [IPH) suggests
that this approach does not work particularly well. This perhaps can be attributed to how
the rate of gain was calculated — a difficult value to estimate. We leave the issue of calculating

this rate of gain parameter to our discussion, presented in Section [0.2.2 on page B40.

We next consider the time-based stopping strategies, BRI and BREEHERIYIN.

The first stopping strategy here can be considered analogous to a fixed-depth approach,
considering the time from the point at which a SERDP is presented — and is therefore agnostic
of relevance. The second strategy can be considered adaptive in the sense that it considers
the time from which the last relevant document was saved. To this end, it is a somewhat
interesting result that consistently yields a higher level of C§ across all four ex-
perimental interfaces (2.27, 2.05, 2.42 and 2.43 for and WEN respectively)
than when compared to (2.14, 1.98, 2.14 and 2.19 for
and QN respectively — with the [CQ attained for significantly different from best-

performing strategy, BEEYNELOL:]). Intuitively, one would expect higher performance
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to be attained by the adaptive approach, where searchers would stop earlier when exam-
ining a poor set of results with few (if any) documents saved. The performance across
is invariant across mean depths per query, as illustrated in Figure /.§. A
smaller number of points reflects the smaller number of threshold values that we trialled.

These are summarised as x9 and x1¢ in Table p.3 on page [[78.

Difference-based stopping strategies BRIEN and BEEYEIICE are considered next. As

reported earlier, these stopping strategies offered significant differences in performance
across interfaces and M when compared to stopping strategy . In-
deed, performance is generally poor in comparison to other stopping strategies that were
trialled in this study. As can be seen from the performance plots in Figure [.§ however, the
greater the depth a searcher was to go on average, the better performance would be. We
discuss these findings in more detail in Section on page — with an emphasis on

the poor performance that these strategies yielded.

Our final stopping strategy is the RBI-based approach, BSSRPEL:IAM. From the plot in Fig-
ure /.4, it is clear that RBP provides lower levels of C when compared to other stopping

strategies. An intuitive result is that as the patience parameter was increased, simulated

searchers would traverse to greater depths on average — the highest levels of [C§ as reported

in Table [/.§ are attained at greater depths on average than JSyNEIe0] ;8.

While BSERREI@0] N consistently offers the highest level of CQ across the four experimen-
tal interfaces, it is clear from our results that this is not significantly so. Several other stop-

ping strategies offer maximum [CQ values that are very close to that of BSSUNEISOLI:R. As

such, this combination stopping strategy does not offer a significant improvement in per-
formance over our fixed-depth baseline, . It does, however, offer a marginally
greater level of [C§ at comparatively lower depths per query on average, demonstrating
that it is a more robust and efficient means for determining when to stop. This means that
following such a strategy may be prudent for a searcher to follow — at least under the search

context examined in this work.
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VAW WA Real-World Comparisons

From our what-if performance simulations that examined what would happen if a particular
stopping strategy were to be rigidly followed, we now examine how closely each of the
aforementioned stopping strategies compares to actual searcher behaviours. As such, this
provides an answer to under the context of varying result summary lengths.
These simulations replayed all of the queries issued by real-world searchers, allowing us to

compare real-world and simulated click depths.

Figure [/.§ again presents twelve plots, one for each result summary level stopping strategy

trialled. Each of the plots illustrates the mean depth per query, again on the x axis. This is

plotted against the Mean Squared Error (MSEJX of the real-world vs. simulated click depths.

Each point on the plotted lines represents a given stopping threshold parameter configura-
tion, and its position represents how close the click depth approximation was on average to
real-world searcher click depths. The closer the MSE tends towards zero, the closer the sim-
ulated searcher’s approximation to actual stopping behaviours. These are shown over each
of the four experimental interfaces. For reference, we also include on each plot four verti-
cal dashed lines, representing the mean click depths reached by the real-world searchers.
Again, a separate line is presented for each experimental interface. For most of the plots,
notice how the lowest point for the simulated results tends towards the dashed lines. This
indicates that the simulations offered a good approximation of real-world searcher click
depths on average. As an example of how to interpret these plots, interface over
reaches its lowest MSE value of 77.76 at a mean depth per query very close to the
real-world mean (14.67 for vs. 14.39 for real-world).

From the plots in Figure [/.§, we can observe a number of notable trends. Stopping strate-
gies that offered good levels of performance (as reported in Section [/.3.2.1)) generally yielded

smoother MSE curves, a trait indicative of providing good approximations of actual searcher

I4Refer to Section p-43.2 on page [[82 for further information on how we computed the Mean Squared Erro1

[VSE).
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Stopping Strategies and Interfaces: Simulated vs. Real-World Comparisons
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Fl[FWAN Plots reporting the comparison runs, reporting the MSE vs. the mean depth per

query. Trials over each of the four experimental interfaces are shown. Also included in the plots are

a series of dashed lines denoting the mean depth per query reached by the real-world subjects of

the user study. Depths per query (and mean [C values) are also reported in Table [7.11].
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7.3 Simulated Analysis

Results from the simulated comparison runs, showing the lowest MSE value reached
over each result summary level stopping strategy trialled (grouped by their type). x, denotes the
parameter threshold(s) that the lowest MSE was reached with. Results are presented across the
four experimental interfaces, including an average over the four to examine if a particular strat-
egy emerges as a better approximation. For each interface, the stopping strategy that attained

the lowest MSE is allelallife]aid<leM For the combination stopping strategies, two parameters are

presented, with x,,x4 presented for BEEEEIEO1IEN and x70,x4 presented for Ry NEISOV(:N. Sig-

nificance testing yielded no significant differences between strategies at =0.05.
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7.3 Simulated Analysis

behaviours. For example, plots for are more variable in nature; this stopping
strategy was also reported in Section [/.3.2.1] as one of the worst performing on average.
We also notice a variation in how predictions differ across the four experimental interfaces,
with this trend observed over all twelve stopping strategy plots. Interface consistently
served better approximations than its counterpart interfaces, with NN always offering the
worst. Interfaces and [MEZS appear between the two extremes, often interleaving with

one another as the mean depth per query increases.

These trends can also be observed in Table [/.1I0. In this table, we report for each stopping
strategy and interface the point on the corresponding plots in Figure [/.§ where the lowest
MSE value is attained (MSE), and the stopping threshold value(s) (xn) that were used to
attain it. For interface notice how the MSE values are lower than those of the other
three experimental interfaces. The table also the stopping strategy combina-
tion that yielded the lowest MSE for each interface, with somewhat surprising results. The
baseline, fixed-depth stopping strategy offered the best approximations for inter-
faces and W, with satiation stopping strategy yielding the lowest
MSE for interface . These results are somewhat surprising: it would make sense for a
searcher to employ a more adaptive approach in determining when they should stop. Fur-

thermore, the satiation stopping strategy would likely make more sense at a session level.

With these interesting results in mind, we also ran a series of statistical significance tests
over the reported MSE values. This was to determine if any significant difference existed
between approximations for each reported stopping strategy. Our findings showed that
when compared to the best stopping strategy for each interface, no significant differences were
observed. These findings highlight that even though and offered the
lowest MSE overall, the other eleven stopping strategies all offered good approximations of
stopping depths, some better than others. In other words, it was hard to deduce from the
results a stopping strategy offering a clearly superior means of approximating searchers’

mean stopping depths.
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7.3 Simulated Analysis

Additional results from the searcher comparisons runs, with this table reporting
mean depth per query (DQ) and @ values, along with the mean interactive precision value (iP).
All these values are reported at the configuration yielding the lowest MSE (refer to Table [7.10),
indicating the best approximation to real-world stopping behaviours. Also included are the mean
real-world (RW) values over each interface for a direct comparison. Note that result summary
level stopping strategies offering the lowest MSE are — cell colouring here does not

denote the outcome of any significance testing.
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7.3 Simulated Analysis

Given the findings outlined above, we also decided to examine if a particular stopping
strategy emerged as providing a good approximation of stopping behaviours when con-
sidering all four interfaces on average. Results of this analysis are shown in the Average
grouping in Table [/.1I0. Statistical tests comparing the best-approximating strategy (again
) against the remaining eleven stopping strategies once again yielded no
significant differences, highlighting that all stopping strategies offered similar approxima-
tions. As such, we did not explore the concept of averaging over the four experimental

interfaces any further.

Moving back to our per interface examination, Table [.1]] reports additional information
relating to the best approximations offered by each stopping strategy. We report for each
stopping strategy (across each experimental condition) the: mean depth per query (DQ);
@; and the mean number of saved [[RE( relevant documents, or interactive precision (iP).
These values are attained at the stopping threshold parameter(s) that yielded the lowest
MSE, as reported in Table /.10. Also included in Table [/.T]] are the mean real-world (RW)
values attained by the subjects of the user study. We also once again the stopping
strategy for each interface that yielded the lowest MSE, as reported in Table [/.T0.

Trends from Table [.T7] are largely to be expected: stopping strategies that yielded the clos-
est approximations to actual mean stopping behaviour parallel the mean depth per query
to the real-world (RW) counterparts. In contrast, we find that for stopping strategies such
as and the mean depth per query is lower than the mean values
across each of the four interfaces. As such, these strategies largely underestimate the stop-
ping depth of the real-world searchers. We also find that for interface P, mean depths
per query all appeared to offer closer representations to the real-world mean. This may be

an artefact of the probabilities that were used to ground the simulations of interaction.

Stopping strategies offering better approximations also reported a higher mean number

of [RE( relevant documents that were identified (saved). For example, BERZESTN NECE
over interface reported a mean of 1.26 saved [TRE( relevant documents. However,
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Stopping Strategies and Interfaces: Simulated and Real-World CG
Interface 1.88
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Result Summary Level Stopping Strategy

AN Bar charts, one per experimental interface, demonstrating the mean level of [Cd at-
tained by each result summary level stopping strategy. Ordered by [CG, these values are reached
using the threshold configurations yielding the best approximations to actual searcher behaviour, as

shown in Table [7.10. Also included are the mean real-world searcher [C3 values for each interface.
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7.3 Simulated Analysis

this is lower than the real-world mean of 2.47. Interestingly, we find that stopping strate-

gies BRNELDVE BRPEINIE and BREENEN all consistently reported the highest levels of mean

saved [REQ documents across the four interfaces, albeit still lower than the real-world

means. For example, BSPE\I BNCPAR reports a mean of 1.25 saved documents over in-

terface compared to 0.89 over BEVAIV (ECENON. This is in contrast to the real-world

mean of 1.87 over the same interface.

Considering the levels of [CG attained, we also find interesting results. Values reported in
Table [.17] indicate the level of [CQG that searchers would have accumulated on average if
they rigidly followed a given stopping strategy (using the stopping threshold value(s) that
yielded the best approximations of actual stopping behaviours). In other words, if rigidly
following a given stopping strategy, would searchers have been able to accumulate higher levels
of ICQ (on average) compared to what they actually achieved? To better represent these results,
we generated a series of bar charts as shown in Figure .9. Each bar chart represents an
individual experimental interface, with each bar representing the mean level of CQ attained

over each of the twelve stopping strategies, plus the additional mean real-world CG.

Results show that on average, real-world searchers typically appear on the high end of the
spectrum across all four experimental interfaces. This suggests that given the twelve stop-
ping strategies that were trialled, not many would have offered improvements in overall
levels of CG. This is especially true for interface where the real-world CGmean topped
all twelve stopping strategies. For interfaces and MEZ8 where simulations do of-
fer better levels of [CG, we find the same stopping strategies appearing above the real-world

mean: SRNEEVE BEPENE BRERNON and BREEEe)VIER. These results are interesting, as

they suggest that a simple stopping strategy is an effective means for attaining high levels

of CG, even that of the fixed-depth baseline. Combination stopping strategy BEEyMEIe0]Y}:

consistently ranked lower across all four interfaces, even though this yielded the highest

levels of CQ in the what-if performance runs reported in Section [[.3.2.1. This suggests that
if employed by our real-world subjects, BSENNEI®0] Y-8 (on average) would have potentially

allowed the subjects to enjoy higher levels of gain (finding relevant documents).
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7.4 Chapter Summary

JR:3 Chapter Summary

In this chapter, we have examined how result summary snippet lengths affect a searcher’s
behaviour, performance and user experience via a crowdsourced user study (Section [.2).
From this user study, we then subsequently used interaction data from said user study to
ground an extensive set of simulations of interaction (Section [/.3). These simulations were
trialled to determine how each of the twelve stopping strategies proposed in Chapter f per-
formed and approximated the mean stopping behaviours of searchers. In turn, these find-

ings provide answers to our two high-level research questions JaIEINOkEN and EalEdNek]:

when varying result summary snippet lengths.

The main finding from the user study showed that as snippet lengths increased across the
four experimental interfaces (i.e. — M), subjects reported that they became more
confident with the decisions they were making with respect to identifying relevant material.
This can be cited due to the fact that more text in the result summary yielded a greater in-
sight into the corresponding document — at the cost of greater examination time. However,
a disconnect existed between how subjects believed they performed, and what was actually
attained through empirical evidence. Here, we found that as snippet lengths increased, sub-
jects became more click happy, marking more documents as relevant, even though accuracy
did not improve. This is particularly clear when examining the interaction probabilities that

we extracted from interaction data, as reported in Table [/.3 on page 208.

These interaction probabilities (and costs) were then used as a basis for grounding an exten-
sive set of simulations of interaction. Split across performance (addressing ) and
comparison runs (addressing ), we examined each individual stopping strat-
egy in terms of both overall performance and how well they approximated actual searcher
stopping behaviours. This was considered across the four aforementioned experimental

interfaces. Findings for show that all twelve stopping strategies offered reason-
able levels of [C{ - although we found that combination stopping strategy BryNEle0]Y]:]
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7.4 Chapter Summary

consistently provided the highest levels of CQ across all four experimental interfaces. This
was however largely reached without achieving statistical significance from the remaining
eleven strategies. Likewise, for we found that appeared to offer the
lowest MSE (and thus best approximations) when tuned to actual searcher behaviours — a
surprising result.8 This was largely consistent across interfaces. We also showed that if fol-
lowed rigidly, several stopping strategies offered improved levels of CG when compared to
the real-world mean. No significant differences were obtained between the stopping strate-
gies. The lack of significant differences may be due to the interface variations not possessing
a large enough effect, or an insufficient number of subjects to detect it (whose interaction
data would have been used for subsequent grounding). This may also be attributed to
the way in which we operationalised the stopping strategies examined, something that is
discussed later in Section [[0.2.7 on page B40. However, from the results, it is clear that a
notable trend exists. With fewer FERH pages examined and subjects examining content to
shallower depths when result summary lengths increase, this suggests that the length of

result summaries do indeed affect stopping behaviours.

Findings from this chapter will be discussed further in Chapter [(. Along with the find-
ings of the two remaining empirical contribution chapters, we will consider all of our find-
ings from the stopping strategy simulations in detail, determining what conclusions can
be drawn from this work. Our next chapter considers how altering search tasks and goals
affects stopping behaviours — and whether this is reflected by what stopping strategies per-

form and approximate well.

15We leave further discussion of this finding to Section [[0.2.2 on page B40.
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Chapter 8
Result Diversification and

Stopping Behaviour

As we’ve discussed previously, snippet text will typically provide a query-biased summary
of a document. The provided text is used by a searcher to help him or her in satisfying
their underlying information need. Often, this information need may be very diverse, with

searchers learning about a diverse topic by issuing multiple queries to explore the topic

space (Kelly et al}, 2015).

,

& What species? ’ - ﬁ
- m What measures are being
Topic 347 taken to prevent extinction7

§E ‘ Wildlife Extinction \J

/ What countrles?

These topics or information needs are considered as aspectual in nature, where an under-
lying goal is to find out about the different facets, dimensions or aspectsl of the topic. An
example of different aspects within is illustrated above, showing the wildlife extinction topic

used in this thesis. An aspect here includes for example endangered species of animal.

'We consider aspects in this chapter, defined as “roughly one of many possible answers to a question which the

topic in effect poses” (Oved, 1998).
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While FEHHG{EINEGEVEIN has been heavily studied in the past (most prominently during
the period of the [[REQ Interactive Tracks (Ovet, 2001)), there has been renewed interest in

this type of search task (Collins-Thompson et al), 2017). Under this context, retrieval systems
are tasked with helping searchers learn more about a topic. With this goal, it makes sense
to return results that are more diverse in nature, presenting the searcher with a broader
view of the topic. This should assist searchers in learning more, and would likely lead to an

improved search and learning experience (Syed and Collins-Thompson, 2017).

In this chapter, we consider how task types and the diversification of search results affect
stopping behaviours. Complementing ad-hoc retrieval tasks, we introduce aspectual re-
trieval tasks — and compare searcher behaviours between the two. We also consider the
retrieval systems that are used, allowing for comparisons in searcher behaviours when ex-
posed to a baseline retrieval system (using BM25), and a retrieval system that diversifies the

results presented to searchers (employing the XQuAD framework (Santos et al), 2010)).

The intuition behind the aforementioned variations in tasks and retrieval systems suggest
that we will observe a difference in stopping behaviours. Under an aspectual retrieval task
on a standard retrieval system, searchers will likely issue more queries as they attempt to
explore the topic space — all the while stopping at relatively shallow depths. This requires
a higher degree of effort on the part of the searcher. When switching to a retrieval system
that diversifies results, we would expect a searcher to subsequently issue fewer queries and
browse to greater depths. With this intuition demonstrating that stopping behaviours are

likely to be influenced, this chapter reports on:

. a exploring how diversifying results (or not) affects the performance

and stopping behaviours of searchers when undertaking different search tasks, from

one of ad-hoc or aspectual retrieval (Section B.2); and

= a HWIEELELREWAEE, examining how the various stopping strategies proposed in

Chapter f perform under these conditions (Section B.3).
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8.1 Background, Motivation and Hypotheses

In particular, we consider [F1] (Pirolli and Card, 1999) to theoretically ground a number

of different hypotheses relating to stopping behaviours. We begin this chapter with a dis-
cussion of prior work in the area (focusing upon aspectual retrieval), before moving to the

introduction of our [FI-based experimental hypotheses.

W Background, Motivation and Hypotheses

As discussed previously, a searcher will likely pose a varying number of queries (exam-
ining BERPS), and examine a number of documents (if any) before issuing a new query, or
stopping their search altogether — session level stopping (refer to Section .2 on page [[T1]). The

reasons for stopping at the session level are numerous, and can occur because searchers:

» have found enough information (Prabha et all, 2007; Dostert and Kelly, 2009; Hassan
etall, R013);

= have run out of time (Zach, 2005);

» become dissatisfied with what they found (Kiseleva et al], 2015); or

» simply give up their search (Diriye et all, 2012).

Studies have shown that different factors influence search behaviours. This is demonstrated
in Chapter [}, for instance, which showed how varying the length of result summaries in-
fluences behaviour. However, of particular relevance to this chapter is how different search

tasks influence a searcher’s behaviours (Kelly et all, 2015).

8.1.1 I H4EIRNEGEE]

An interesting search task that has not received much attention in contemporary research is

aspectual retrieval. Aspectual retrieval is a type of search task that concerns the identification
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8.1 Background, Motivation and Hypotheses

(X X ) Wildlife Extinction - Parallel Search (X X ) Wildlife Extinction - Tabbed Search
Se rCh Se rch Crested Ibis  Sumatran Rhino [MEERENLE]
Crested Ibis Sumatran Rhino Giant Panda giant panda demise
crested ibis rhino malaysia giant panda demise theguardian.com
The young giant panda is snoozing up a tree, in classic panda pose.
Rhino | WWF Malaysia The demise of the panda His substantial bum is splayed over the fork of one branch, while his...
en.wikipedia.org wwf.org.my theguardian.com
The crested ibis (Nipponia Smallest of the rhinoceros spe- The young giant panda is snooz- P
nippon), also known as the Japa-  cies, the Sumatran rhinoceros ing up a tree, in classic panda en.wikipedia.org . i .
nese crested ibis or Toki (F#)... has two homs like... pose... The giant panda, literally "black and white cat-foot"; Chinese: A ),
also known as panda bear or simply panda, is a bear native...
Wha 1d Helj ve the En- ‘Sumatran Rhinoceros Giant Panda
dangered Crested Ibis? en.wikipedia.org en.wikipedia.org iant pan: ies in way of extinction
nrdc.org The Sumatran rhinoceros, also  The giant panda, literally "black macaupanda.org.mo
In the middle of the 19th century,  known as the hairy rhinoceros or  and white cat-foot"; Chinese: A& Giant pandas come from a large flourishing family of same species...
more than 50,000 crested ibis Asian two-horned rhinoceros J#), also known as panda bear or and death from old age, means that the natural growth rate of the.
were walking on their stilty legs...  (Dicerorhinus sumatrensis)... simply panda, is a bear native...

Hl R Mockups of Search interfaces that consider the different AspectBrowser interfaces,
as examined by Villa et all (2009). Considering the wildlife extinction topic, the left illustration

denotes a parallel interface, with the right demonstrating a tabbed interface. Refer to Villa et al
(2009) for further information on the interfaces, and how they performed.

of different aspects of a given topic. This task type differs from traditional ad-hoc retrieval in
the sense that ad-hoc retrieval is concerned only with what constitutes a relevant document
to a given topic, rather than identifying relevant documents and whether they are different

to what has been previously observed.

A relevant and different document will contain unseen aspects associated with the topic
in question. With a graphical example provided at the beginning of this chapter, we now
provide a further example to aid understanding. Consider the topic wildlife extinction from

the [REQ 2005 Robust Track (Voorhees, 2006). In an ad-hoc search task, if the searcher

manages to find several documents concerning ‘Pandas in China’, these would all be
considered relevant. However, for an aspectual retrieval task where different aspects must
be found, the first document concerning ‘Pandas in China’ is considered to be relevant,
and other aspects (in this case, the species of endangered animal) would need to be found,

such as *Sumatran Rhinos in Malaysia’, ‘Crested Ibis in Japan’, etc.

Aspectual retrieval found significant traction in [[RE( Interactive Tracks (Ovet, 2001) from
1997-2002. The overarching goal of these tracks was to investigate searching during an inter-

active search task by examining the processes involved, as well as the outcome (Over, 2001).
Interaction was considered from the inaugural TRECU-1 in 1993 (Harman)|, 1993), where one
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8.1 Background, Motivation and Hypotheses

group investigated interactive searching under the so-called interactive query mode while
undertaking an ad-hoc task. From [TRE(-6 (1997) to [REQ 2002, a substantial volume of

research was directed towards the development of systems and search interfaces that:

» assisted searchers in exploring and retrieval various aspects of a topic, such as cluster-
based and faceted interfaces that explicitly showed different aspects (McDonald et al;,

1998; Villa et all, 2009) (refer to Figure B.1| for a visual example);

» provided tiles and stacks to organise documents (Hearst, 1995, 1997; Harper and Kelly,

2006; Iwata et all, 2012); and

» provided mechanisms to provide query suggestions that led to subjects following dif-

ferent search paths (Kato et all, 2012; Umemoto et al, 2016).

However, a disappointing conclusion from this initiative was that little difference was ob-
served between such systems and the standard control systems (i.e. the traditional ten
blue links, as previously discussed in this thesis) — both in terms of behaviour and perfor-

mance (Voorhees and Harman, 2005).

As work shifted from aspectual retrieval to other areas, studies related to determining the
intent of a searcher’s query began to take hold, where the goal here was to diversify the
results retrieved with respect to the original query (Rose and Levinson, 2004). Thus, this
addresses the problem of ambiguity for short, impoverished queries. This led to a series of
diversification algorithms (and intent-aware evaluation measures), changing focus from the
interface to the underlying algorithms and their evaluation measures. However, while there
have been numerous studies investigating the effectiveness of diversification algorithms for
the problem of query intents (e.g. one query, several possible interpretations), little work
has looked at studying how such algorithms apply in the context of aspectual retrieval (e.g.
one topic, many aspects). This is mainly due to the fact that most of these algorithms were

developed after the [RE( Interactive Track concluded in 2002.
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Recently, a growing interest in new, more complex and exploratory search tasks has taken

hold. This is true within the context of “searching as learning” (Collins-Thompson et all,

2017). Syed and Collins-Thompson (2017) hypothesised that diversifying results presented

to searchers would improve their learning efficiency. This would then be observed by a
change in vocabulary expressed in their queries. This is coupled with a hypothesis of stop-
ping behaviours, with diversifying results leading to searchers issuing more queries, and
examining content to comparatively shallow depths. These hypotheses provide motivation
for examining the effects of diversification when considering the task of aspectual retrieval,
where a searcher needs to learn about different aspects of a topic. To ground our work,
we now consider how search behaviours are likely to be changed by generating a series of

hypotheses based upon [FT].

WA Tasks, Systems and Information Foraging Theory

To motivate our hypotheses for this chapter, we draw upon [FT] (Pirolli and Card|, 1999) and

the patch model, in particular, to ground our research, and provide insights into how search
behaviours may change. To recap, the patch model, as detailed in Section B.3.7 on page P(,
provides a mechanism for predicting how long foragers (searchers) will stay in a patch
before moving onwards to the next. Using the established approach discussed previously —
where moving between patches is akin to issuing a new query, while staying within a patch
is considered as examining a SERH and any associated documents — we can then make a
series of predictions as to how searchers will behave — and most importantly for this work,

stop — under different experimental conditions.

These predictions are graphically illustrated in the four plots shown in Figure 8.2 — over
a diversified u and non-diversified m system, with ad-hoc and aspectual A

retrieval tasks.? Gain curves for each of the four conditions are shown. In Figure B.2 (a)

2The system and task are combined together to produce a complete condition, such as [\[2J-\oM repre-
senting a non-diversified system m with an ad-hoc retrieval task m
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8.1 Background, Motivation and Hypotheses

Information Foraging Theory Hypotheses: Diversification and Task Types

(a) Non-Diversified System (b) Diversified System

,
,

-§ ! Stop Earlier ND AS
e : 1 Stop Later
/// L~ :
4 1 1
7 - 1 1
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‘- ° °
Time Time
(c) Aspectual Task (d) Ad-Hoc Task
/l ’ ,° ND AD
4
e
’ B AS
(= c 1
R , ND AS R ' Similar Stopping
4 1
’ 1 Stop Later //:/ I
// : ///, :
e 1 1 . o’ 1
/,':”/ i i .~ i

Time Time

AR Plots of the hypotheses motivated by |FT], with each plot showing how stopping be-

haviour is likely to be affected when using a system that (a) diversifies results and (b) doesn't, and

over (c) aspectual and (d) ad-hoc tasks. Section enumerates the four different experimental

conditions shown here, such as B> W:X\sM for instance.

where a non-diversified system is being used, the gain curve for the ad-hoc retrieval task
is higher. This is because any relevant document would contribute to the searcher’s gain.
Conversely, the gain curve is lower for the aspectual retrieval task. This is because similar
relevant documents that are encountered would not contribute to the overall level of gain

experienced by the searcher.

From [[F1], the optimal stopping point would be different between the two tasks. As we
discussed in Section B.3.7] on page PU, we can graphically find this point by drawing a line
from the origin to the tangent of the gain curve. Red and blue dots indicate the optimal

stopping points for ad-hoc and aspectual retrieval respectively. [F1] suggests that with a
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8.1 Background, Motivation and Hypotheses

non-diversified system, searchers will examine more documents per query for aspectual

retrieval tasks than when compared to ad-hoc tasks.

Figure B.7 (b) illustrates gain curves where a diversified system would be used, with gain
curves for ad-hoc and aspectual retrieval being similar in nature. This is because the diver-
sified system should bring relevant but different documents closer to the top of the rankings
earlier. In the case of ad-hoc retrieval, these relevant (even if different) documents would
still contribute to the overall level of gain. For aspectual retrieval, relevant and different
documents will also contribute to the overall level of gain experienced by the searchers —
up to the point where the documents become similar to the previously examined mate-
rial. Therefore, [F1] appears to suggest that similar stopping behaviours would be observed

when searchers use a diversified search system.

Figure B.2 (c) shows the predicted stopping behaviour for the aspectual retrieval task, where
we have plotted the aspectual gain curves from system plots (a) and (b). Interestingly, [FT]
suggests that searchers will stop sooner when using the diversified system. As such, if
searching for the same length of time, searchers would thus issue more queries. Finally,
Figure B.Z (d) shows the predicted stopping behaviour for the ad-hoc retrieval task, where
again we plot the curves from the respective systems in plots (a) and (b). Note that here,
the gain curve for the diversified system may be a little lower as some non-relevant but dif-
ferent material may bubble up the rankings. However, we expect little difference overall
between the two systems, and so we hypothesise that the two levels of gain (and searcher
behaviours) will approximately be the same. Consequently, [F1] suggests that there will be
little observable difference in terms of stopping behaviours between the two systems with

ad-hoc retrieval tasks.

Therefore, we found [F]] to counter our intuitions as to how searchers would behave. When
using a standard, non-diversified retrieval system, our intuition suggests that since the as-
pectual retrieval task is rather exploratory, searchers are then more likely to issue more

queries as they learn about the topic, and try to explore efforts made by different countries
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to protect different species. Kelly et al] (2015) for example showed that more complex search
tasks required a greater number of queries. If a searcher submits a query that retrieves rel-
evant material such as ‘protecting Pandas in China’, then one would expect them to
only select one or two examples, rather than many more. In the case of ad-hoc topic re-
trieval, we intuitively expected that searchers would issue fewer queries and examine more
documents. This is because they don’t need to find multiple aspects. However, when using
a diversified system that attempts to promote different aspects of a given topic, we would
intuitively expect that the stopping behaviours of searchers using it would change. Under
an aspectual retrieval task, searchers would issue fewer queries (when compared to ad-hoc

tasks) and examine a greater number of documents per query.

8.1.2.1 Rgiilalail=s

From the plots and descriptions provided above, we can formulate a number of different

hypotheses relating to the expected searcher behaviours in different contexts.

Under aspectual retrieval search tasks, using a diversified system ﬂ will lead to:

= all fewer documents examined per query (stopping earlier); and
« IPEN more queries issued; or

. a decrease in the task completion time.
With ad-hoc retrieval A\\oM tasks, diversification will lead to:

. no difference in the number of documents examined (invariant stopping be-

haviour); and

. m no difference in the number of queries issued.
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The contradiction between [FI] and our intuitions provide an ulterior hypothesis. In ad-

dition, given the findings demonstrated by Syed and Collins-Thompson (2017), we also

hypothesise that diversification will lead to a greater awareness of the topic, regardless of

the task put forward, because more aspects will be encountered and found.

WA Diversifying Search Results

Following on from the motivation and [FI-based hypotheses outlined above, this section
discusses the user study that examined the aforementioned hypotheses. As per our gen-
eral user study methodology discussed previously in Section p.2 (page [[41)), we conducted
a within-subjects experiment. Specific details relating to this study are detailed in Sec-

tion B.2.1 below.

The primary research question for this user study is as follows.

« IWSINEINON How does diversification affect the search performance and stop-

ping behaviours of searchers under ad-hoc and aspectual retrieval tasks?

This research question is addressed in tandem with the hypotheses put forward above in
Section B.1.2.1. Below, we now discuss the specific details for this user study, before dis-
cussing the results, with an emphasis on stopping behaviours, and whether or not the em-

pirical evidence supports our hypotheses.

8.2.1 RV lele eI le]Sc)Y,

The same basic retrieval system, document corpus and topics were used as reported in

Section p.2 (page [41)).
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The within-subjects study considers two key factors: the system and the task. For the system
factor, our baseline control system was based upon BM25 (i.e. no diversification), and a di-
versified system. The details of our diversification approach are discussed in Section 8.2.1.5.
For the task factor, we used the standard ad-hoc retrieval task and compared this against the
aspectual retrieval task. This resulted in a 2 X 2 factorial design. Each subject who took part
in the study completed four different search tasks. Each of those tasks utilised a different
experimental condition, as we enumerate below. Conditions were assigned using a Latin
square rotation to minimise any ordering effects. The conditions listed below are also used
in Section B.1.2 when explaining the plots supporting our hypotheses. Note that for all con-

ditions we list below, two snippet fragments are used when generating result summaries,

as per in Chapter [/.

The first two conditions consider a non-diversified retrieval system m Our baseline, this

uses BM25 as the retrieval model.

« B\PRWNE A non-diversified system, with an aspectual retrieval task.

« PNPRWIVR A non-diversified system, with an ad-hoc retrieval task.

Our second set of conditions consider a diversified system n using BM25 with an addi-

tional re-ranking, diversifying component. We discuss this later in Section .2.1.5.

. A diversified system, with an aspectual retrieval task.

. A diversified system, with an ad-hoc retrieval task.

With non-diversitying and diversifying systems, we developed different sets of branding
for each system, each with their own distinct colour scheme, name and logo. This was to
assist searchers in differentiating between the two. First, in terms of branding, we created

two fictional retrieval system names:
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= Hula Search, representing the non-diversified system m; and

» YoYo Search, representing the diversified system n

These names were chosen as they were not associated with any major retrieval system (to
the best of our knowledge), nor did they imply that one of the systems performed better than
the other —both systems presented results in an identical way. Colour schemes were chosen
to provide the greatest difference in visual appearance to those with colour blindness.B This
was to ensure that subjects could later indicate which one of the two systems they preferred.
Note that only the colour schemes and logos varied — the same basic interface layout as
previously discussed in Section p.2.2 (page [[44) was employed. Figure B.3 demonstrates

the two different colour schemes and logos for the systems.

For the practice task, it should be noted that the standard, blue colour scheme as shown in
Figure p.2 on page [45 was used. This is the same colour scheme as used in the user study
reported in Chapter []. A standard ‘News Search System Study'’ title was also used in
place of any logos. This decision was taken to remove any impact that incorporating an
individual system’s colour scheme in the practice task would have on searcher behaviour

or perceptions. All subjects used the J\ PN system and task for the practice task.

8.2.1.1 BEEI L NENS

As we discussed in Section subjects were grounded by instructing them to imagine
that they were newspaper reporters. As such, they were required to gather documents to
write stories about the four topics for which they had been asked to search. Given each

topic, each subject was then instructed to search while considering different search goals.

= For EELELIJIREGEEIN tasks, subjects were simply instructed to find documents that

were relevant to the topic provided.

3Two of the more common variants of colour blindness — protanopia and deuteranopia — were both consid-
ered.
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Hula Search

View Saved | Show Task | End Task

Enter your query here Search

000 YoYo Search
yoyO Search View Saved | Show Task | End Task

Enter your query here Search

s [MERBEN Mockups of the two interfaces used to differentiate between the two experimental
systems of this user study. Hula Search and YoYo Search represented the non-diversified and

diversified systems respectively. Refer to Section for more information.

» For EEREIEUEINGEGTEEIR tasks, subjects were instructed not only to find documents

that were relevant but also discussed different aspects of the provided topic.

For example, take the Airport Security topic (refer to Section p.1.3 on page [38). Under an ad-
hoc retrieval task, subjects were required to learn about the efforts taken by international air-
ports to better screen passengers and their carry-on luggage. For aspectual retrieval tasks,
subjects were also asked to find relevant documents that are different, mentioning new air-
ports. Thus, subjects were explicitly instructed to find a number of examples from different

airports, as opposed to a discussion of the same airport over several documents.

IEH QLN Rather than imposing a session time limit (as used in Chapter []), subjects were
requested to find and save at least four novel documents which they judged to be either
relevant (ad-hoc) or relevant and different (aspectual) for their given topic. (Refer to the

following section for details on the reasons behind selecting this value.) As such, subjects
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had the liberty to end the search task when they chose to do so by selecting the End Task
option at the top right of the search interface — refer to Figure B.3 for examples of this. This
is in direct contrast to the user study reported in Chapter [}, where the End Task option

was not present — the ten minute limit dictated when their search session ended.

B Crowdsourced Subjects and Controls

Subjects undertaking the user study were informed that from a small-scale pilot study, it
would take approximately 7-10 minutes of their time to find at least four useful documents
per task. Combining everything together, this meant that the entire experiment would take
approximately 40-50 minutes. Since we did not impose any time constraints on how long
subjects searched, we instead established an accuracy-based control. We informed subjects
that their accuracy in identifying useful material would be examined, and that they were
required to find four useful documents with at least 50% accuracy (based upon [[RE( rele-
vance judgements as the gold standard). Using data from the prior user study reported in
Chapter [, the accuracy of those subjects was between 25% and 40% on average, depend-
ing upon the topic. While we stipulated a higher accuracy, this was to motivate subjects to

work in a diligent manner.

In all, a total of 64 subjects performed the experiments that complied with the re-
cruiting constraints imposed, as we outlined in Section p.2.4 on page [47. However, a total

of 13 were omitted from this population because they either:

» failed to complete all the search tasks (a total of five subjects were removed);
» failed to mark at least four documents (two subjects); or

» spent less than two minutes per task, and failed to retrieve any relevant documents

(six subjects).

254



8.2 Diversifying Search Results

Of the 51 subjects who successfully completed the experiment, 26 females and 25 males
participated. The average age of the subjects was 38.66 years (min = 20; max = 71; stdev =
11.43). In addition to these basic demographics, a total of 22 subjects reported possessing
a bachelor’s degree or higher, with the remaining 29 possessing an associate’s degree or
lower. All subjects bar one expressed a preference to Google as their everyday retrieval
system of choice. All subjects indicated that they conducted many searches for information

via a retrieval system per week.

CWCE Extracting Aspects

For each topic, we used the corresponding TRE({ QREL{ derived from the 2005 Robust

Track (Voorhees, 2006). However, to assess how many aspects were retrieved by subjects,
we needed to commission additional labels as existing labels were not available for all the
selected topics. First, for each topic, we examined the topic descriptions to identify what
dimensions could be considered aspects of the topic. We noted that for each topic, there
were at least two ways this could be achieved: entity- or narrative-based. For example, a
useful document within the Curbing Population Growth topic could either state the country
in which measures were taken (entity-based) or a description of the actual measure used to

reduce population growth (narrative-based).

For this study, it was decided that we should focus on entity-based aspects. This decision
was taken as different narratives were subject to greater interpretation than different entities
— it is easier to identify from a document that China, for example, is the country being
discussed, rather than the measures the country took — and their effects. For each [REQ
relevant document across the five topics considered, the author and his supervisor manually
extracted the different aspects for each, with higher agreement (95% vs. 67%) between them
across entity-based aspects. Both the entity- and narrative-based approaches for each of the

five topics are shown in Table B.1].
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IELICREI A list of the different entity- and narrative-based approaches trialled during the as-

pect extraction process. As discussed in Section [8.2.1.3, the entity-based approach was carried

forward for this study with a higher agreement rate between assessors.

Airport Security Airports Security measures taken
Wildlife Extinction Species Protection and conservation measures
Piracy Vessels boarded Acts of piracy

Tropical Storms Storms Lives lost, destruction caused

Curb. Pop. Growth Countries Population control methods

To complement Table B.1|, we also list below a number of different example entity-based
aspects that were extracted for each of the five topics. The number provided with the topic

title denotes the number of individual aspects that were extracted for a specific topic.

n VTG el g Y=Yl 11 SR AT T« I oLl & Considering different airports in which addi-

tional security measures were taken, examples include John F. Kennedy International

Airport, Boston Logan International Airport, or Leonardo da Vinci International Airport.

o BUVHGIHER S (Gl RE I ATH I VRN e &l Considering different species of endangered

animals under protection by states around the world, such as the golden monkey, Javan

Rhino, or Manchurian tiger.

» NHICEARERTLI TR I El Considers different vessels that were either boarded or

hijacked, such as the Petro Ranger, Achille Lauro or Global Mars.

LI oI (o] B ol ERRE AT [T IR LI £l Considers different tropical storms where indi-

viduals were killed, and/or there was major damage, such as Hurricane Mitch, Typhoon

Linda or Tropical Storm Frances.
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%SH‘

APW19980608.0061 @ XIE19970627.0130
Tree Gecko White Rhino
),

APW19980603.0561
Whale Shark

l African Elephant
v —
Whale Shark 0 TREC Diversity Format File
1 347 @ APW19980603.0561 1
0 347 1 APW19980608.0061 1
ULCLOLCNE 2 \—" 347 > XIF19970627.0130 1
African Elephant e 347 3  XIE19970627.0130 1

IR |llustration of the process used to create a diversity format file. The identified

aspects are assigned a unique identifier per topic. With the diversity format file, we could then use

tools such as ndeval to compute diversity-based measures.

o WO ReTo IV ETd[o T N el o1 A | REPXRTL [« [T IYa W Considers different countries where

population control methods were employed, such as China, India or Zimbabwe.

Each of these unique aspects was assigned an identifying number, and stored in the [RECQ
diversity format. By storing the aspects in this format, we could then use existing evaluation
tools, such as ndevalB. This tool was used to compute a number of measures related to

aspectual retrieval. This process is illustrated in Figure B.4.

WA Additional Performance Measures

In conjunction with the standard performance measures that we discussed in Section p.3.3

on page [[55, we also include for this chapter two measures allowing for the examination

“The ndeval source code can be acquired from the [REQ website at https://trec.nist.gov/data/
web/10/ndeval.c. LA 2078-06-24
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of searcher and system performance regarding the entity-based aspects. While traditional
measures consider what documents are relevant, these additional measures allow us to

determine why said documents are relevant (i.e. what aspects each document covers).

The first measure we consider is EASJGUEIREILIREIN. Defined by (1998), AR was

introduced as part of the TREC-6 campaign. It was defined as:

“...the fraction of the submitted documents which contain one or more aspects.”

Over (2001)

Given a ranking, aspectual recall can be there-

' 3] 1] 0] 2353
fore computed by summing the number of un-

seen aspects regarding a given topic up to some NEW NEW  NEW

depth k, and dividing by the rank. This is in contrast to more simplistic relevance measures

that consider only the [RE( relevance judgement score for a document and topic combina-
tion. An example is provided above: given three documents, with three, one and zero new

aspects to a topic, the aspectual recall at rank 3 is therefore (3+1+0)/3 = 1.33.

The second measure that considers the diversity of the results returned is . A

mulative Gain (CG)-based approach, we discussed [C{ basics in Section £.4.1.4. An exten-

sion of [Discounted Cumulative Gain (DCG) (Jarvelin and Kekaldinen, 2002), «DCG employs

a position-based searcher model (Clarke et all, 2008). The measure takes into account the

position at which a document is ranked, along with the aspect(s) mentioned within the doc-
uments. aDCG ranks by rewarding newly-found aspects, and penalising redundant aspects
geometrically, discounting all rewards with a discounting rank function. As the name of
the measure might imply, « is a tuneable parameter, controlling the severity of redundancy
penalisation. As used in prior [REQ experimentation, we used a@ = 0.5 for all reporting of

aDCG in this chapter.
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WA Diversifying Search Results

As discussed earlier, our system factor considered both a baseline BM25 retrieval system
and a diversified approach, again using BM25 as an initial ranking baseline. The algorithm
that we employed, based upon the XQuAD framework by Santos et al! (2010), re-scores and
subsequently re-ranks documents based upon the number of unseen entities that appear
within the document. The algorithm is presented as pseudo-code in Algorithm 8.5 below.
Essentially, documents are re-ranked according to the number of new entities that are con-

tained within them, with w determining the weighting of the aspectual scoring component.

In order to select a reasonable approximation for the algorithm’s weighting, we performed a
pilot study running the diversification algorithm over the set of 715 queries that were issued
by subjects of the user study reported in Chapter []. Results of the pilot study are presented
in Table B.2. As can be seen from the table, we explored a range of cutoff (k) and weighting
(w) values, with 10 — 50 trialled for k and 0.1 — 1.0 trialled for w. We selected k = 30, w = 0.7
as this combination provided the best results (AR@10 = 6.61, aDCG = 0.075, P@10 = 0.36)
in terms of performance and efficiency. A higher k for example only slightly increased
performance but took longer to compute. Indeed, k = 30 was deemed to be a sensible

choice as subjects from the prior user study didn’t go lower than a depth of 24 on average

over interface .

For the diversity re-ranking to work in this scenario, the algorithm must be aware of the
ground truths which were collated, as described in Section B.2.1.3 above. The reasons for

following this approach were:

» not having to invest a significant amount of effort into tuning a different diversifica-

tion algorithm to return acceptable results; and

» that it would guarantee that [RE( relevant documents, containing different entities,
would bubble up to the top of the rankings, increasing the effect (and hopefully the

subject’s observation) that the results were indeed ranked differently.
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Input
Parameters

Original ranking, existingResults

Diversification depth, set in this study to k=30

w(=0.7), weighting for diversification scoring component

Manipulated array of results, diversified to depth k (see above)

Helpe Functions

QELE g adllY = getEntities(x,y,z) Given an array of results (documents), returns an
array of entities present in the results array from range y to z

getLength(x) Returns the length of array x

= getUnseenEntities(x,y) Returns entities in document x that have not
yet been observed in ranked document array y

* sortByScore(x) Sorts document array x by score in descending order

= <array>.pop() Removes the top entry from an array, returning the
popped value

SET entities TO []
SET newRankings TO []
SET i TO 1

# Take the top result from the baseline results, popping results
SET newRankings[@] TO existingResults.pop()

WHILE i <= k DO
# Obtain all entities from the first to ith result
SET entities TO getEntities(existingResults, 0, i-1)
SET j TO 0

# Now rescore all remaining results, considering weighting w
WHILE j <= getLength(existingResults) DO
SET newEntityCount TO
getUnseenEntities(document, existingResults)
SET existingResults[jl.score TO score + (w-newEntityCount)
SET j TO j + 1
END WHILE

# Reorder existingResults; move top result to new array
sortByScore(existingResults)
SET newRankings[i] TO existingResults.pop()
SET i TO i + 1
END WHILE

VNIl kRN Pseudo-code of the diversification algorithm used in this study, based

on the XQUAD framework by Santos et al| (2010). As described in Section B.2.1.5, the algorithm
guarantees that relevant documents containing different aspects from each other will bubble
up the baseline (BM25) rankings. Pseudo-code is provided in HAGGIS (Cutts et all, 2014).
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Table illustrating the effects of varying the diversification weighting parameter, w,
and diversification cutoff k when using the diversification algorithm as discussed in Section[8.2.1.5
Values in the table represent the aspectual recall in the top 10 documents (AR@10) after re-
ranking, on average, over the 715 queries issued by subjects of the user study reported in
Chapter . At w=0.0, diversification is not applied — this configuration therefore enjoys the
same performance as our baseline, non-diversified system m utilising BM25 (b=0.75). Cells

alfelallle]aid=leM denote the selected configurations for systems m and ﬂ

Cutoff Range (k)

I T T T
3.64

2 3.64 4.94 5.57 5.95 6.37

% 6.58 6.58 6.64 6.59 6.59

=

©

5 “ 6.58 6.58 6.58 5.58 6.58

g

=l 0.7 (D) 6.56 6.56 6.61 6.51 6.60

o

(V]

= “ 6.52 6.52 6.61 6.57 6.63
6.63 6.63 6.59 6.61 6.56

Without such a ground truth based approach, ensuring that [REQ relevant documents
would bubble up would have been difficult to achieve. Given the effects of document pool-
ing as part of how the TRE(] QRELSs were created (refer to Section 2.3.1.1)), it is highly likely
that many other documents exist within the corpus that could be considered to be useful to

a given topic, but were not assessed.

One major pitfall of this approach is that the diversification algorithm employed would
have provided results that were too good, thus not presenting much of a challenge to sub-
jects. To mitigate this issue, we also included documents that were considered non-relevant

by [REQ assessors (i.e. a [REQ assessment of @) when performing re-ranking. Rather than
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always bubbling up relevant documents discussing new aspects, the inclusion of these doc-
uments would also mean the bubbling up of non-relevant documents that ultimately men-
tion one or more aspec’cs.E From this, an additional 2, 663 documents that were not relevant
were included within the diversity re-ranking ground truths. For the five topics we con-
sidered, the number of non-relevant documents from the [REQ QRELSs over each topic are

reported in Table p.1 on page [40.

Rather than manually assess each non-relevant document, we took the list of entities that
were discovered for [[RE( relevant documents, and performed an exact keyword search
for each of the entities within each of the 2,663 documents. Any matches would have the

corresponding entity attached to the document.

8.2.1.6 RSN SV

With the pre-task survey the same as that outlined in the general methodology (refer to
Section p.3.4 on page [[55), questions for this study differed only over post-task and post-
experiment surveys. Here, we discuss the questions posed in each of the four post-task

surveys.

On the completion of each of the four search tasks, subjects were asked to answer questions

that were split into two broad categories, examining;:

= their perceived behaviours when interacting; and

= how they felt the retrieval system they used had performed.

Answers were compulsory; we provided a seven-point Likert scale for responses, providing
the ability to give a neutral response, as well as strong disagreement (1) or agreement (7)

with the questions that were asked.

>For example, a non-relevant document for the wildlife extinction topic may have discussed a species of
animal, but would not have discussed approaches used to correct its endangered status.
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Considering the subject’s behaviours, we asked their opinions on the following areas.

. How successful they thought they were at completing the given search task.

o UGS EELN How quickly subjects felt that they completed the search task.

« NOUEHEEN Whether the subjects issued different queries to explore the topic.
. If they only examined a small number of documents per query.
» HOUEILER Whether they checked each document carefully before saving.

. m Whether the subjects saved more documents than was required (remem-

bering that subjects were instructed to save at least four per task).

In addition to the behavioural component of the survey, the system-sided component of
the survey asked an additional six questions, again using a seven-point Likert scale. The

questions posed to the subjects are enumerated below.

« BAGENEPEECR How well subjects thought the system helped them complete the

given search task quickly.

» PRliiildlia%8 Whether they felt the system made things difficult to find useful informa-

tion.
. E If the system made it easy for subjects to complete the given search task.
. Whether the subjects were happy or not with how the system performed.
. Whether they felt the system was cumbersome to use or not.

. How confident the subjects were in the decisions that they had taken.
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AW Post-Experiment Survey

In addition to the post-task surveys, we also asked subjects to answer a post-experiment
survey upon completion of all four search tasks. Here, we wanted to ascertain which of the
two retrieval systems (Hula Search, representing the baseline non-diversified system m
and YoYo Search Search, representing the diversified system n) offered subjects a better

experience, and which one of the two they preferred overall.

Seven questions were posed, with answers again provided on a Likert scale. However, this
time we provided six possible choices, from 1 (definitely Hula Search) to 3 (slightly Hula
Search), from 4 (slightly YoYo Search) to 6 (definitely YoYo Search). We opted not to include

a neutral option to force subjects into deciding between one of the two systems.

» RN EHIZER Which one of the two retrieval systems returned the most informative

results?

= MILLEIITN What one of the two retrieval systems was more unhelpful?

» REHESE Of the two retrieval systems, what one was easier to use?

» REEESHVHSITIN Which retrieval system was less useful?

The final three questions then asked subjects about what one of the two systems they felt

yielded the most relevant and diverse content.

» PVYEHEEEELE Which of the two retrieval systems yielded more relevant informa-

= WUCHEIIEEN Which of the two retrieval systems offered the more diverse set of

-
i
o
-
~

results?

= UCHALEEELIEN Which retrieval system did you prefer overall?

We discuss the results from this survey in Section B.2.2.4.
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We now move onto an analysis of the user study results, addressing the overarching study

research question EBNEINEINON and the five hypotheses posed in Section B.1.2.1. In

this analysis, we examine both the behaviour and performance of subjects across the four
different experimental conditions, and . Both task
(considering Vs. ) and system (considering m and ﬂ) effects were also exam-
ined. To evaluate these data, ANOVAs were conducted using the experimental conditions,
tasks and systems each as factors; main effects were examined with @ = 0.05. Bonferroni

tests were then used for post-hoc analysis. To reiterate, tkDCG was computed at a = 0.5.

To begin our analysis, we first examined whether the performance demonstrated by sub-
jects over the two retrieval systems was in fact different — as indicated it would be by our
pilot study (refer to Section B.2.1.5). We took the queries subjects issued to each of the two
systems and measured the performance according to «aDCG, AR and precision. Results are
presented in Table B.3. Statistical testing confirms that the two systems were significantly
different in terms of diversity (i.e. aDCG@10: F(1,1272 = 28.74,p < 0.001) and AR@10:
F(1,1272 = 55.43,p < 0.001)). However, P@10 was not significantly different between the
two retrieval systems. This suggests that the re-ranking promoted relevant and diverse

documents, mostly from the top ten results (on average).

Aside from showing query performance, Table B.3 also reports the number of terms issued
per query over retrieval systems m and n Of the 1273 total queries issued, those issued
to m were shorter on average, with 3.59 terms compared to 3.80 terms for system ﬂ
However, the vocabulary used by subjects issuing queries to m was more diverse than
ﬂ — queries issued to m contained a total of 345 unique terms compared to 292. This
provides our first finding of note from the interaction data. When using retrieval system
m that did not diversify search results, subjects issued a greater number of queries — but
with slightly shorter and more varied queries (in terms of the vocabulary used) — in order

to accomplish their tasks.
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8.2 Diversifying Search Results

Query statistics and performance measures across experimental systems
(baseline, non-diversified) and ﬂ (diversified). Note the significant differences between the
diversity-centric measures, aDCG (where @=0.5) and aspectual recall (AR), demonstrating that
the diversification algorithm did indeed provide subjects with a more diverse set of results with

which to examine. liglielallfe]aie<tel cells denote a significant difference between systems.

Queries Issued 718 555

Terms per Query 3.59 3.80

Unique Terms 345 292

I res 0.25+0.01 0.29+0.01
(%]
‘0
Il rPe10 0.22+0.01 0.24+0.01
S .DCGes 0.02+0.00 0.04+0.00
O
()]
3

aDCG@10 0.03+0.00 0.04+0.00

AR@5 1.40+0.11 3.39+0.21

AR@10 2.11+0.14 4.07+0.24

8.2.2.1 A Iadle il CEHIS

Firstly, we examine the different interactions between searchers and the retrieval systems.

Tables B.4 and B.§ both present the mean (and standard deviations) of:

» the number of queries issued (#Queries);
« the number of BERP that were examined by subjects per query (#SERPs/Query);
» the number of documents examined (clicked) per query (#Docs./Query); and

= the click depth (or stopping depth) per query (Depth/Query).
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8.2 Diversifying Search Results

These are reported in the Interactions category in both tables. Table B.4 reports over the
four different system and task combinations trialled, while Table B.5 reports over each in-
dividual system and task. ANOVAs revealed no effects across conditions, systems or tasks.
However, there are trends that are worth discussing. Firstly, we notice that when subjects
used system n to complete the aspectual retrieval task, they examined fewer documents
per query than when completing the same task on system m (12.85+1.49vs. 15.73 £1.45)
— which is in line with . We also observed that subjects issued slightly more queries on
n compared to m under the aspectual retrieval task (5.92 + 0.88 vs. 5.25 + 0.80). This

is in line with — these results, however, were again not statistically significant.

Now we turn our attention to the ad-hoc retrieval tasks. Our hypotheses claimed that there
would be no differences in terms of the number of documents examined (JzEM) or in the
number of queries issued (m) — which was the case. However, we note that subjects us-
ing ﬂ examined more results than when using m (16.19 £2.14 vs. 13.94 +£1.93), and
they issued slightly fewer queries (4.96 + 0.74 vs. 5.20 £ 0.69). We can see the trade-offs
between queries and the number of results inspected per query, where more queries tend
to lead to fewer results being examined, and vice versa. This result suggests that subjects,
when searching using diversified system n under an ad-hoc task, may have had to ex-
amine to greater depths to find more relevant material due to the system’s performance.
Alternatively, this trend could be explained by suggesting that the system encouraged sub-
jects to go deeper, something that we intuitively expected when subjects were searching
for aspectual, diversified information. Either way, no conclusive evidence to support our

hypotheses exists with statistically significant differences — merely trends.

Tables B.4 and B.§ also report a number of different performance measures, reported within

the Performance grouping. Included in these tables are:

» the number of saved documents (#Saved); also broken down into:
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IELICRERZN Behavioural (including interaction and time-based) and performance measures,

across each of the experimental conditions , ND AS ,and \[DRRW.\oW Cells

that are fallelalilsai¥lel denote statistically significant differences between conditions.

Performance Interactions

Times

#Queries

#SERPs/Query
#Docs./Query

Depth/Query

#Saved

#TREC Saved (iP)

#TREC Non.

#Ent. Found

#Docs. New Ent.

Total Session

Per Query

Per Document

Per Summary

5.92+0.88

1.78+£0.14

3.02+0.39

12.85+1.49

5.80+0.26

2.63+0.22

1.75+£0.22

8.80+0.89

15.97+£1.96

1.59+0.09

5.25+0.80

2.42+0.24

3.65+0.46

15.73+£1.45

5.96+0.25

2.18+0.23

1.96+0.23

7.22+0.94 4.31+0.60
3.20+0.21 2.35+0.20

443.65+45.05 430.50+38.39

9.99+1.21

13.03+1.01

1.75£0.15

4.96+0.74

2.28+0.31

3.48+0.51

16.19+2.14

5.92+0.25

2.51+0.23

1.37+£0.22

5.82+0.77

2.63+0.23

432.18+49.87

9.69+0.79

13.66+£1.02

1.71£0.11

5.20+0.69
2.28+0.20
3.23+0.37

13.94+£1.93

5.78+0.20
2.22+0.22

1.82+0.23

4.37+0.59

2.02+0.18

447.55+47.82

8.69+0.57

15.09+2.20

1.71+£0.13

— the number that were TRE( relevant, or interactive precision (#TREQ Saved (iP));

and

— the number that were [RE( non-relevant (#TREQ Non.);
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IELICRERGN Behavioural (including interaction and time-based) and performance measures,
across the two experimental systems m and ﬂ as well as the two tasks, and JARN.

Cells that are Ballelalifsiie=leM denote statistically significant differences between conditions.

w0 ] o | s

#Queries 5.23+0.53 5.44+0.58 5.08+0.51 5.59+0.59

»

-g #SERPs/Query 2.35+0.16 2.03+0.17 2.28+0.18 2.10+0.14

é #Docs/Query 3.44+0.29 3.25+0.32 3.36+0.31 3.34+0.30
Depth/Query 14.84+1.58 14.52+1.31 15.07+1.44 14.29+1.47
#Saved 5.87+£0.16 5.86+0.18 5.85+0.16 5.88+0.18
#TREC Saved (iP) 2.20+0.16 2.57+£0.16 2.36+0.16 2.40+0.16
#TREC Non. 1.89+0.16 1.56+0.16 1.60+0.16 1.85+0.16
#Ent. Found 5.10+0.49 5.76+0.57

#Docs. New Ent.

2.19+0.13 2.91+0.16 2.32+0.15 2.77£0.15

Total Session 439.02+30.52 43791+33.44 439.86+34.38 437.08+£29.45
o Per Query 9.34+0.67 9.25+0.59 9.19+0.49 9.39+0.75
E Per Document 14.06£1.21 14.81£1.10 14.37+1.21 14.50+£1.11

Per Summary 1.73+0.10 1.65+0.07 1.71+0.08 1.67+0.09

Performance

= the number of documents containing at least one new entity (#Docs. New Ent.).

In terms of the number of documents saved, there were no significant differences between
conditions, systems or tasks. On average, subjects saved around six documents on average,
which was two more than the minimum goal of four. This suggests that subjects wanted to

make sure that they found a few extra, potentially useful documents.
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IELI NG Interaction probabilities, as observed over the four experimental conditions. Cells

that are Jallelalie]ale=lsl denote statistically significant differences between conditions. Refer to Sec-
tion on page for an explanation of the different probabilities listed here.

P(C) 0.16+0.01 0.21+0.02 0.16+0.01 0.20+0.01

R

% P(CIR) 0.27+0.03 0.30+0.04 0.25+0.03 0.31+0.04
P(CIN) 0.13+0.02 0.18+0.02 0.13+0.01 0.17+0.02
P(S) 0.67+0.03 0.66+0.03 0.70+0.03 0.71+0.04

v

é P(SIR) 0.78+0.04 0.63+0.05 0.74+0.04 0.67+0.05

P(SIN) 0.59+0.04 0.61+0.04 0.65+0.04 0.65+0.04

When we turn our attention to the entity-related measures, we note that subjects found more
documents that contained new entities, and found more new entities overall when using the
diversified system ﬂ This was statistically significant (6.52 £ 0.61 compared to 4.34 + 0.42
for systems n and m respectively, where F(1,203 = 8.70,p < 0.05)). When examining
each condition, the Bonferroni follow-up test showed significant differences between condi-

tionsand conditionsand \[PR:\ol where F(3,203 = 3.49,p < 0.05). We

also noticed that subjects found more documents with new entities, and thus more entities
generally, for task than when using system m (documents with new entities:
2.63 £0.23 vs. 2.02 +0.18, new entities: 5.82 + 0.77 vs. 4.37 £ 0.59). Though this was not
significantly different, it does suggest that when subjects used system n they did learn
more about the different aspects of the given topic (or at least encountered more aspects)

than when using system m that did not diversify results.

Table B.g reports interaction probabilities associated with searcher interactions, the details
of which are discussed in Section on page [[67. From the table, we can see that there

was a significant difference between conditions for the probability of clicking on a result
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summary link, and the probability of clicking on [REQ non-relevant items. Comparing
systems indicated that subjects clicked more when using the non-diversified system, and
clicked on more non-relevant documents. However, we did not observe any task effects
and thus do not report these measures here. This suggests that the non-diversified system
m led to subjects examining more documents, but often more non-relevant documents.

This is reflected by the fact that across all the performance measures, subjects when using

system m performed worse.

8.2.2.3 BHuEE EN = BV EENI S

Tables B.4 and B.5 also report a third grouping of results, showing a series of times recorded
for various interactions. These are all reported within the Times grouping. Across both

tables (conditions, systems and tasks), we report:

» the mean total session time (denoted as from the first query focus to ending the task,

Total Session);
» the mean time spent entering queries (Per Query);
» the mean per document examination time (Per Document); and

= the mean time spent examining an individual result summary (Per Summary).

All values in the two tables for time-based measures are reported in seconds. Surprisingly,
no significant differences were found between any of the comparisons over the total session
times, the per query times, the per document times, and the individual result summary
examination times. However, results do show a relatively constant mean session time over
each of the four experimental conditions, as shown in Table B.4. At =~ 438.5 seconds, this is
around seven minutes on average — in line with the time taken to find four documents in

the previous user study reported in Chapter [4.
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Considering fizPll no evidence was found to support that task completion times were
lower under the diversifying retrieval system with an aspectual retrieval task .
From Table B.5, we can see that subjects in actuality spent slightly longer on the task, with

443 seconds reported for n vs. 430 seconds for m — essentially, the difference of exam-

ining approximately one document on average.

8.2.2.4 RVHI@S L1l [N EEN IS

There were no significant differences between conditions, tasks, or systems for any of the
post-task surveys. For the post-experiment survey, subjects were roughly evenly split be-
tween their preference for system ﬂ or m — again with no significant differences. This
finding suggests that despite the substantial (and significant) difference in aspectual recall
and other system performance measures between the systems, subjects seemed largely un-
aware of the influence of the two systems. However, their observed behaviours do suggest

that the system (and task) did affect their performance, as Table 8.4 demonstrates.

LSS EH SIS Table B.7 provides the results of the post-task surveys. Questions were

provided in Section B.2.1.6. To recap, a seven-point Likert scale was used for all responses,
ranging from 1 (strongly disagree) to 7 (strongly agree). Turning our attention first to the
Behavioural survey results, we observed no significant differences across conditions, sys-
tems or tasks. However, across all conditions, systems and tasks, subjects broadly agreed
with the statements that they were presented with, suggesting that they felt successful in
completing the search tasks, and were able to complete them quickly. All were in agreement
that they carefully checked their documents for usefulness (i.e. relevance and/or new enti-
ties, depending upon the task) before saving, but were in broad disagreement that they had
examined a few documents per query, indicating that across all conditions, subjects felt as
though they had examined more than they felt they needed to (or more than the requested
minimum). A positive sentiment to this question was recorded across 68.2% of all logged

search sessions, with 23% and 8.33% for negative and neutral sentiments respectively.
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IELICRIAR Results from the post-task surveys, consisting of both the behavioural- and system-
based questions. Results shown are averages recorded for each of the four experimental conditions

when considering the seven-point Likert scale. Significant differences are [alls]alife]ale=lsl.

5.90 553 5.98 5.98

Subject Speed 4.24 4.33 4.61 4.45
[
5 575 535 524 547
2
2 278 300 267 269
[aa]
EE o 506 484 5.43
System Speed 4.55 4.16 4.84 4.42
Difficulty 3.78 4.20 3.31 3.38
3
0
> :

Regarding the System-sided survey questions presented in Table B.7, subjects considered
that both systems offered a reasonably quick and straightforward approach to finding re-
sults, with a generally positive outcome for both. The systems generally did not appear
to be considered cumbersome to use, and subjects did not find the system made it overly
difficult to complete the tasks — a significant difference existed between the two tasks for
this question, where F(1,201 = 5.51,p < 0.05). Overall, subjects felt happy with how the

system performed and had some confidence in their decisions.
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IELICRERE Raw results of the post-experiment survey. Values denote subjects who selected an
answer (columns) for each question (rows). The lower the value, the stronger the preference to

YoYo Search; the higher the value, the stronger the preference to Hula Search.

Preference to YoYo (D) Preference to Hula Search (ND)

5 0 20 20 0 6
8 0 18 19 0 6
9 0 16 18 0 8

LSS SIS Upon finishing the experiment, subjects completed the post-

experiment survey as detailed in Section .2.1.7. Here, we asked subjects which system they
preferred (from either ﬂ or M) over a number of different questions. Results from the
survey, as shown in Table B.8, provide a mixed picture — neither system was favoured by
the subjects, with all questions recording a near 50-50 split. This is an interesting finding,
as results — especially from Table B.3 on page 66 — showed that there was a significant dif-
ference between the two systems. Subjects simply had difficulty attempting to determine

which system was more attractive to use.

Back in Section B.1.7, we motivated this study — and indeed the wider work reported in
this chapter — using [F1], where we constructed a number of gain curves reflecting our be-

liefs about how the search performance experienced by subjects would look on each of the
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four combinations of system and task. This was done in order to generate our hypotheses
outlined in Section B.I.Z.1. In this final section of the user study results, we examined how
subjects performed over time for each of the experimental conditions trialled, allowing us
to infer the gain curves. We then compare each of the curves generated with our initial

expectations, shown in Figure B.2 on page P47.

To create empirical gain curves, we plotted Cumulative Gain (CG) against time, where gain

was defined to be either:

» the number of BENENEEE IR nE &N under FELBI A\ tasks; or

» the number of and REUEECENE documents when undertaking an
aspectual retrieval fER¥

These definitions are what constituted as a useful document for both of the tasks, defined
previously in Section 8.2.1.1]. As both of these definitions can be expressed in the same units,

they can be also plotted on the same axes.

In parallel with expectation plots shown in Figure B.2 on page P47, Figure B.§ plots the

corresponding empirical gain curves for:

(a) the non-diversified system, m over both search tasks and %N
(b) the diversified system, n over both search tasks and AN,
(c) the aspectual search task aNMl for both retrieval systems; and

(d) the ad-hoc task A\»M for both retrieval systems.

Compared to our expectations in Figure B.7 on page P47, on visual inspection, we see that
our predictions were roughly in line with the average levels of [CG experienced by the sub-

jects. With Figure B.§ (a) for example, we hypothesised that using retrieval system m
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Results: Information Foraging Theory, Diversification and Task Types

(a) Non-Diversified System (b) Diversified System

1.5 1.5
ND AD kg oo D AD g m

ND AS kg
1.0

Gain
Gain

0O 10 20 30 40 50 60 70 80 90 100

Time (Seconds) Time (Seconds)
(c) Aspectual Task (d) Ad-Hoc Task
1.5 r1.5

IENY] —- IND AD B
(ND AS B | D_AD R

1.0 F1.0

Gain
Gain

T T T T T T T T T T
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Time (Seconds) Time (Seconds)

FLCRNW Plots illustrating the (Cumulative Gain (CG) attained by subjects of the user study (on
average), over the first 100 seconds of a search session. Shown are plots with the four different

combinations of experimental condition trialled. Dashed lines represent fitted curves.

subjects would have experienced greater levels of gain. The empirical gain curves demon-
strate that this actually occurred. A critical difference however though is for plot (b). Here,
it is clear that subjects went through a very different experience when searching, and this

motivated a revision of our expectations.

To do so, we first fit a logarithmic function to each of the gain curves given session time,

such that: gain = b-log(time) — a, as used by Athukorala et al] (2014). Table B9 presents

the parameters and correlation coefficients for fit (r?) for each of the four experimental con-
ditions. We could then calculate how many documents subjects examined by drawing the

tangent line to the estimated gain functions from the origin. This resulted in the predicted
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eI ERERCN Fitting parameters for the gain curves illustrated in Figure 8.6], over each of the four

experimental conditions trialled. Also included are the estimations from the model of the predicted

number of documents that subjects would examine, and the actual number from the empirical data.

Model Fitting Parameters Predictions
I
-1.08 0.48 0.989 3.68 3.23
-0.57 0.23 0.987 4.92 3.65
-1.22 0.52 0.959 498 3.48
-0.68 0.29 0.985 4.36 3.02

number of documents examined (Pred. D.), which we see are in line with the actual number
of documents examined (Actual D.). With respect to plot (b), we see that for diversified sys-
tem n, the theory, given their performance, suggests that subjects should examine more
documents per query under the aspectual task than when undertaking the ad-hoc task

LN (i.e. 498 vs. 3.68 for and Lol respectively, as shown in Table B.9). We observed
that subjects examined 3.48 and 3.02 documents per query (shown in Table B.4 and repeated
in Table B.9) — which follows a similar trend but not to the same magnitude. Thus, this re-

vises our expectations regarding how people would search differently between these tasks.

With respect to lizill, we see that the theory, given their performance, suggests that subjects
— when undertaking the aspectual retrieval task — would examine fewer documents per
query when using the diversified system n than when using the non-diversified system,
m (4.36 vs. 4.92). Again, we see that subjects examined 3.02 and 3.65 documents per
query respectively, again following the same trend — but not to the same magnitude. This
post-hoc analysis provides justification for some of our initial hypotheses regarding how
search behaviour would change under the different experimental conditions. However, it

has also led to us revising our expectations based upon the empirical data.
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This user study has investigated the effects of diversifying search results when searchers
undertook complex search tasks, requiring one to learn about different aspects of a topic.
To test the series of hypotheses, derived from [FT] outlined in Section B.1.2.1, we conducted

a within-subjects user study, using:

= anon-diversified system m; versus

» a diversified system n

These were tested over two different search tasks, where the task was set to either:

» ad-hoc topic retrieval A\l or

» aspectual retrieval ARN.

This led to four experimental conditions. Our findings lend evidence to support the [FT]
hypotheses broadly. However, we only observed statistically significant differences across
a subset of behavioural and temporal measures. This was despite the fact that there were
significant differences in performance between systems m and n Diversified system
ﬂ was able to, on average, return a ranked list of results with a greater number of docu-
ments containing new, unseen entities. This finding is in line with past work which found
that interface-based interventions seemingly had little influence on search performance and
search behaviours. Clearly, bigger differences need to be present — or larger sample sizes
are required — to determine if the difference between systems over all examined indicators

are significant. Despite these results, there were a number of clear trends.

When performing the aspectual task ANl on the diversified system n (in contrast to the
non-diversified system M): subjects examined fewer documents per query (3 vs. 3.7 doc-

uments/query), issued slightly fewer queries (5.92 vs. 5.25 queries), and didn’t go to as great
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a depth when examining SERPY (depths of 12.85 vs. 15.73). Taken together, this resulted
in a lower probability of clicking (P(C) = 0.16 vs 0.21, which was significantly different)
and interestingly a lower probability of clicking on non-relevant document (P(C|N) = 0.13
vs. 0.18, which was also significantly different). While subjects spent a similar amount of
time searching on both systems, subjects on the diversified system spent slightly more time
examining each document (15.97 seconds vs. 13.03 seconds) — suggesting that more effort
was directed to assessing rather than searching. However, subjects found significantly more
entities (7.22 vs. 4.31 entities) and found more documents that contained new/different en-
tities (3.20 vs 2.35). Both of these findings were statistically significant. This shows that
the diversification algorithm led to a greater awareness of the topics, and provided subjects
with greater coverage of the topic. In turn, this also suggests that subjects were able to learn

more about the topic, and were exposed to less bias.

When performing the ad-hoc task .\sl over the diversified system ﬂ (in contrast to the
non-diversified system M): subjects examined more documents per query (3.48 vs. 3.23
documents/query), issued slightly more queries (4.96 vs. 5.20 queries), and examined con-
tent to greater depths presented on SERPs (depths of 16.19 vs. 13.94). Again, this meant
that the probability of clicking was lower on the diversified system ﬂ (0.16 vs. 0.20); this
was significantly so. Subjects spent similar amounts of time searching on both systems.
However, unlike on the aspectual tasks subjects spent less time examining poten-
tially relevant documents on system m (13.66 vs. 15.09 seconds). This suggests that less
effort was directed at assessing, rather than searching. This could be possibly due to the
performance of ﬂ being higher than m (P@5 = 0.29 vs. 0.25, which was significantly
different). Alternatively, it could be because the results returned were easier to identify as
relevant, as the probability of marking a document given it was relevant was higher (0.74
vs. 0.67). This suggests that subjects may be more confident when using the diversified sys-
tem. Although not explicitly requested in the task description, subjects encountered more
novel entities when using n (5.82 vs. 4.37). Subjects also found more documents with

new entities using n (2.63 vs. 2.02). Taken together, this suggests that subjects again im-
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plicitly learn more about the topic because the diversified system n surfaced content that

presented a more varied view on the topic.

With regards to the application of [FI], we showed that the generated hypotheses were
largely sound. However, the empirical data prompted us to revise the hypotheses. Ini-
tially, we hypothesised that the performance and behaviour on both tasks would be similar
when using the diversified system ﬂ (see Figure B.2 (b)). However, post-hoc analysis re-
vealed that the performance (and subsequent behaviour) was different (see Figure B.§ (b)).
Here, subjects obtained higher levels gain for the ad-hoc task @a\s®. Thus, under such con-
ditions, [FI] would stipulate that they would examine more documents per query (3.48 vs
3.02 documents/query) and issue fewer queries (4.96 vs. 5.92 queries) when undertaking the
ad-hoc retrieval task A\l vs. the aspectual retrieval task aSll (as opposed to there being
no difference). Encouragingly, our application of [F1] (before and after the experiment) led
to new insights into how behaviours are affected under different conditions. This shows
that [F']] is a useful tool in developing, motivating and analysing search performance and
behaviours. Furthermore, counter to our intuition about how we believed people would be-
have in these conditions, the theory provided more informed and accurate hypotheses which

tended to hold in practice.

In past work, many interface-based solutions were studied, where a few significant differ-
ences in behaviour were found when compared to a standard interface. Disappointingly,
we also found that an algorithmic solution has little impact or influence either, though there
were trends which indicated that diversifying search results does indeed lead to better per-
formance, greater awareness of the topic (even when not specifically instructed, i.e. find
relevant only), and fewer examinations of non-relevant items. Thus, this allows the sugges-
tion that diversification should be employed more widely (in particular, in the context of
news search) where bias is an issue, and diversification algorithms can present a broader
overview of the aspects within a topic. From this discussion, we now move to the next

section, outlining our corresponding simulations of interaction.
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8.3 MInllEICIWGEN

From the user study, we now move to a simulated analysis of searcher stopping behaviour
and performance. In this section, we detail how stopping behaviour and performance vary
when simulated searchers utilise different systems (i.e. ﬂ Vs. M) and search tasks
(i.e. vs. lGSl). These are again, like in Section addressed in the context of the
two high-level research questions. Considering each of the twelve result summary level

stopping strategies enumerated in Chapter f, how does each strategy:

« RIBNOKEN perform; and

« IRISINeX] B approximate actual searcher stopping behaviour?

In the remainder of this section, we discuss the specific details of our methodology (Sec-
tion B.3.1)), discussing in particular how we instantiated the task goals for these experiments.

We then move onto an examination of the results from our simulations (Section B.3.2).

8.3.1 IUEHalele eI leTe)Y;

This methodology section provides the details specific to how we instantiated this set of
simulations. One can assume that any components that are not discussed in this section
were instantiated as shown in the general simulation methodology. The general method-

ology is presented in Section p.4 on page [[57.

Two of the key differences between the simulations reported in Chapter [] and the simula-
tions discussed here are how we operationalise the underlying retrieval system to support

diversity, and the simulated searcher task goals.
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N Experimental System and Conditions

The SimlIR framework was adapted to incorporate additional components, allowing the
simulations to employ the use of the diversified system n as well as the standard BM25-
based non-diversified system, m This involved the development of a further retrieval
system component (refer to Section on page [[59 — in particular, the Retrieval System
block in Figure .5 on page [[60) that catered for system n Therefore, this new component
allowed us to run simulations over the four experimental conditions trialled as discussed
in Section B.2.1l. Given the same queries, results returned from systems ﬂ and m in the
simulations were identical to results returned to the real-world subjects of the correspond-

ing user study.

The second major component of the SimlIR framework that we considered was the result
summary and document decision makers. These components determine whether a result
summary is considered attractive enough to click and whether a document is relevant to the
given [TRE({ topic. For aspectual search tasks fa¥ll, the focus was not to simply save relevant
documents but to save relevant documents containing at least one new entity associated
with the topic. However, we decided to keep the decision makers the same for both search
tasks, meaning that only the relevance to the topic was considered. We do however report

results with aspectual measures, such as AR, in Section 8.3.2.

WA Interaction Costs and Probabilities

Interaction log data from the associated user study was taken and filtered by the four ex-

perimental conditions. Following the methodology outlined in Sections p.4.2.3 and p.4.2.7]

on pages [[67 and [[63 respectively, we then extracted the different interaction probabilities

and costs to ground our simulations.

Table B.10 presents the interaction probabilities and costs across the four experimental in-
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Summary table of the different interaction costs (in seconds) and probabilities, with
P(C) denoting the probability of a click, and P(S) denoting the probability of saving a document
(considering it relevant). Also included are probabilities broken down over relevant (P(CIR)
and P(S|R)) and non-relevant (P(CIN) and P(SIN)). Values are reported across the four experimen-
tal conditions trialled. Refer to Sections and respectively for further information
on how the costs and probabilities were derived. All data in this table are attained from interaction

data extracted from the user study reported in Section 8.2

0.27 0.30 0.25 0.31

e P(CIR
5
[«

P(CIN) 0.13 0.18 0.13 0.17
a P(SIR) 0.78 0.63 0.74 0.67
-

P(SIN) 0.59 0.61 0.65 0.65
=
°
3
3 Result Summary 1.59 1.75 1.71 1.71
z
8 15.97 13.03 13.66 15.09
v

Task Goal Find 6 relevant (refer to Section 8.3.1.2)

500 seconds (refer to Section 8.3.1.2)

terfaces trialled. Included within the table are the interaction probabilities for clicking on
result summaries (under the P(C) grouping) and saving documents (under the P(S) group-

ing). Also included are the five main interaction costs, presented under the Costs grouping.

Also included in Table B.I0 is the task goal. In the user study, subjects were
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instructed to find and save a minimum of four useful documents, as reported back in Sec-
tion B.2.1.T. Across all four experimental interfaces, subjects saved on average 5.87 docu-
ments, perhaps to hedge their bets in the eventuality that certain saved documents turned
out to not be useful after all. These values can be found in the #Saved row in Table 8.4 on
page £68. As such, simulated searchers were given a goal of finding six useful documents

to mirror the average saved by their real-world counterparts.

A session timeout was also provided such that if simulated searchers
failed to find the minimum of six useful documents, a time limit would prevent the sim-
ulation from ‘getting stuck’, where the query lists would be exhausted. Again referring
to Table B.4 on page the mean total session time (reported on row Total Session) was
reported to be 438.47 seconds across all four experimental conditions. With a large vari-
ance in total session time reported across search sessions, we set a time limit of 500 seconds
(equating to the upper side of the variance) to grant sufficient time for searchers to find the

six required documents, yet restricting runaway (and unrealistic) behaviours.

Simulations of interaction when considering aspectual retrieval tasks have to the best of our
knowledge not been performed before. The majority of prior work purely considers ad-hoc
retrieval, given that this is a relatively straightforward search task to model. Therefore, we
suggest that the assumptions made for these simulations of interaction provide a reasonable
approximation for how real-world searchers actually performed and behaved, and leaves
scope for development of these simulations in future work. We leave the discussion on these

assumptions and potential issues that may arise from them to Section [[0.3.1 on page B49.

We now report the results of our simulations of interaction, under different search tasks
and goals. As presented in Chapter [, we discuss our findings from these experiments over

two subsections, considering:
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» the performance runs (Section B.3.2.7)), where we discuss the highest levels of perfor-

mance attained by simulated searchers under different what-if scenarios; and

» the comparison runs (Section B.3.2.7), providing results of the simulations that were

directly compared to the actual mean.

Both of these sections provide an answer for high-level research questions EeIERINOEEN and
[ NOK) W respectively, this time under the context of varying search tasks and goals.

S OLITENTCRENINEE Like before, we employ significance testing to determine whether

the performance of a result summary level stopping strategy was significantly different
from the other eleven trialled. All tests in this section utilise the two-tailed Student’s t-test,
where a = 0.05. Our tests consider the best performing or approximating stopping strategy,
and how they compare to the other eleven. Like before, we are interested in statistical non-
significance (i.e. a > 0.05), meaning that the compared stopping strategies are similar to one

another in terms of performance or approximations.

Before reporting on the performance of each stopping strategy across our performance
(what-if) simulations, we must first determine whether querying strategy MOEYIER delivers
queries of expected performance across systems m (non-diversified) and n (diversi-
fied). From the reporting of the user study, we know that the performance across the two
systems (as shown in Table B.3) was significantly different in terms of precision (at most
ranks), aDCG and AR. Results from the user study showed consistently higher levels of

aDCG and AR for system n a result that was in line with expectations.

Table B.17| reports various precision, «DCG and AR for queries generated by querying strat-
egy MORNEN. Across both systems m and n measures (+ standard deviations) are

shown across all three stopping strategies, including MOEY.EN and constituent querying
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IELICRIRE Mean performance values (+ standard deviations) of all generated queries issued

for performance runs. Included are P@k, «aDCG@k and AR@k values, incorporating aspectual re-

trieval measures. Values are reported across both the non-diversified (M) and diversified (ﬂ)
systems. Note the increasing trends in performance across all measures as - , as

well as the improved performance for diversification measures over system ﬂ

P@1 004+020 018+039 023+042 0.04+020 019+039 023+0.43
P@5 0.02+007 014+021 0.18+0.23 0.05+016 018+026 0.22+0.28
P@10 0.02+£006 0.11+£018 0.15+0.19 0.03+£010 0.14+0.20 0.17=£0.21
aDCG@5 0.00+000 001+0.03 0.02+0.03 0.00+0.00 002+004 0.02+0.04
aDCG@10 0.00+000 001+0.03 0.02+0.03 0.00 + 0.01 0.02+004 0.03+0.05
AR@5 0.01+004 030+0.87 0.40+0.98 0.05+024 051+125 0.65+1.40
AR@10 0.01+004 020+051 0.27+0.58 0.03+0.13 030+069 038+0.77

strategies (single term, poor queries) and JOEEN (three term, good queries). A to-
tal of 213 unique queries were extracted from the simulated interaction logs. Queries were
then categorised depending upon their term length, allowing us to deduce measures for

each individual querying strategy.

Closer examination of Table B.11 shows that as we move from to a consis-
tent improvement in precision is achieved. Again, this finding is in line with intuition. In-
terleaved querying strategy MOENEN delivers intermediary performance between the two.

When we turn our attention to aspectual measures, we again see performance improve-

ments as we move from to . Considering systems m and n we also see

improvements in performance. For example, AR@10 is reported as 0.27 + 0.58 for system
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m with 0.38 + 0.77 for system n This jump in mean AR once again demonstrates
that the diversification algorithm presented in Figure/Algorithm B.5 did indeed work as ex-

pected, where it returned a greater number of unique entities in its re-ranked search results.

Results from Table B.I]] therefore provide us with confidence that the two systems were
indeed working as intended, yielding queries that performed in line with our intuition, and
offered similar trends in performance compared to those issued by the real-world subjects
of the user study. We also gain confidence in knowing that interleaved querying strategy
also offered improvements in aspectual measures compared to HOENN. As such, this
should be later reflected in our examination of the what-if experiments when we consider

aspectual measures.

Satisfied with the performance of the generated queries, we now turn our attention to an
examination of the individual result summary level stopping strategies. Like our reporting
in Section [/.3.2.7], we consider results primarily from the perspective of , which
requires an examination of the performance of each stopping strategy. Before this, we con-
sider the general trends that we observed across the performance simulations, examining

whether these trends are consistent across the experimental conditions trialled.

Figure B.7 presents twelve individual plots, one per result summary level stopping strategy.
These plots represent the mean levels of performance attained over each experimental con-
dition (of either or B\PDRWN) at varying depths per query,
averaged over the five individual topics and 50 individual trials. The mean depth per query
is represented along each x axis, with the performance attained (represented as [CQ) repre-
sented along the i axes. Although strategies such as allowed simulated searchers
to browse to depths greater than 25 on average, all plots were cut at this depth for consis-
tency, and to highlight what occurs at lower depths per query. Each point on the respective
lines for each condition represents one of the stopping threshold values used for each stop-

ping strategy, as reported in Table p.3 on page [[78.
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General trends across mean depths per query can be observed in each of the twelve plots
in Figure B.7. We can see across a majority of stopping strategies and experimental con-
ditions that as the mean depth per query increases, simulated searchers attain greater of
levels of CG on average before a peak point of [CQ attainment is reached. After this point,
as searchers traverse result lists to greater depths, the mean level of [CG begins to diminish.
Peaks can be more profound in some stopping strategies (e.g. and )
than with others (e.g. ). This trend can be observed across all four experimen-
tal conditions, where all four start at very similar levels of mean [CG across shallow mean
depths per query, before gaps begin to emerge between them. Indeed, it can be observed
across the twelve plots that condition consistently offers the best approximations
across nearly all depths per query reported. This condition is very closely followed by
with slightly lower mean levels of CG. Interestingly, we then observe a gap be-
tween these two conditions, and the remaining two conditions, and .
This gap is largely present amongst all twelve stopping strategies and is more profound in
stopping strategies that offer higher mean levels of [CQ. This is especially true after peak [CQG
has been reached, and the mean depth per query begins to increase. The gaps between con-
ditions clearly demonstrate a difference in performance between systems ﬂ and m
with system ﬂ consistently offering improved mean levels of [CG. Interestingly, gaps be-
tween tasks and aSYl are less profound, with negligible differences observed from an

examination of the twelve plots.

While the plots in Figure B.7 present the general trends in performance across mean depths
per query, Table B.I2 reports on the highest level of CQ attained by each result summary level
stopping strategy, across the four experimental conditions trialled. The values in Table .12
correspond to the peaks shown in each of the plots in Figure B.7. For each stopping strat-
egy and condition, we report: the greatest level of mean [CQ attained (CG); the mean depth
per query at which this value was reached (DQ); and the stopping threshold value(s) that
were used to attain this value (xp). are the stopping strategies that yielded

the highest mean level of CQ, with the highest value demonstrated for each condition. For
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Stopping Strategies and Conditions: Performance over Depths
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F[NERWA Plots showing the varying levels of performance,

depth per query. Each result summary stopping strategy is shown on an individual plot, with each

measured in [CG, over the mean

of the four experimental conditions shown within each plot. The depth per query reported on each

x axis is cut at 25 to allow for an easier comparison between different stopping strategies.
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conditions [PV and combination stopping strategy ESEEI€e]Y]:

attains the highest mean level of CG, with values 2.21, 1.79 and 2.13 reached for the afore-
mentioned conditions respectively. As these levels of C§ are reached under a combination
strategy, values x = 5and x4 = 3, xp = 10 and x4 = 6, and x = 7 and x4 = 3 were
used to attain these values for conditions and respectively.
This means that under condition JPEEINE a searcher would examine a total of five non-
relevant documents or save three relevant documents per query before stopping — what-
ever occurred first. Interestingly, our fixed-depth, baseline stopping strategy
reaches the highest level of CQ for condition at 1.81. is however
very close behind, with a mean [CG of 1.80 reported. Like the results in Section [.3.2.7], this
again demonstrates that a fixed-depth strategy can be hard to beat in terms of attaining a

high level of [CG.

Indeed, it should be noted that the following stopping strategies reported maximum levels

of [CQ close to the absolute maximum observed:

« BSEPEINIE and BEEERINEN, the frustration stopping strategies (considering total and

contiguous non-relevance);

» BSREEVANN, the satiation-based stopping strategy;

= BEREERILS the time-based strategy; and

» EEAREIEOIVIER the patch-based combination strategy.

This was true across all four experimental conditions. For the relatively low
mean depths per query at which the greatest level of CG was reached also demonstrates that
the combination strategy was particularly robust at detecting a query of poor performance.
Subsequently stopping at shallower depths, the strategy thus saved time for the simulated

searcher. Taking this further, an interesting trend that was initially observed in Figure B.7
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shows that peak [CQ is attained at generally shallower mean depths per query under tasks
using system n than when compared to system m

With performance levels attained by several stopping strategies reported to be very sim-
ilar, we employed statistical testing to determine what strategies, if any, yielded signifi-
cantly different performances from the best performing strategy over each condition. Ata =
0.05, this statistical significance would demonstrate that performance is significantly poorer
than the best performing strategy ( for and with
for B\IPAWLN). Results of these tests can also be observed in Table B.12, with

cells highlighted denoting no statistical significance from the best performing strategy (i.e.

p > 0.05). Therefore, cells without highlighting denote a statistically significant difference

in terms of the [CQ values reported. Indeed, only BREEIAN and EENENEARIIIN yielded
significant differences across interfaces ND AS Elstl suggesting that

these particular stopping strategies were not effective. All other strategies reported no sig-

nificant differences from the best performing strategies.

Given that subjects from the user study were asked in aspectual (WaSJl) tasks to find rel-
evant documents containing at least one new, unseen entity, we consider in tandem both
mean [Cq and mean AR. Figure B.§ again presents 12 different plots, each one representing
the individual result summary level stopping strategy. Each line on the plot again repre-
sents one of the four experimental conditions that were trialled. While the mean depth per
query is shown along the x axes, we instead plot these against the mean AR values along the
y axes, denoting the mean number of documents containing unseen entities over the course
of a session. Unsurprisingly, the plots follow similar trends to those shown in Figure B.7,

with the same mean depth per query values shown.

Indeed, a higher mean level of [CQ correlates strongly with a higher mean level of AR —
an intuitive result. In order to attain gain, one must save documents, and by saving doc-
uments, a simulated searcher will also identify documents with unseen entities. Trends

illustrate that like Figure B.7, plots build up to a peak before slowly diminishing as the
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IELICRR P Results from the simulated what-if simulated performance runs, showing the high-
est levels of [CG attained for each result summary level stopping strategy trialled (grouped by their
type). xn denotes the parameter threshold(s), with DQ denoting the depth per query at which the

greatest [Cd value was attained at. For each condition, the stopping strategy which attained the

highest level of CG is lallelallela=eM. Light blue highlighting denotes no significant difference from
the best performing strategy, with no highlighting denoting a significant difference at a=0.05. For

combination thresholds, x,,x4 are presented for BEEEEEOI N, with x70,x4 for Ry MEIEO]Y|:N.

T L L =
7

Xn
495 219 10 6.45 1.77 7 499 209 10 ©.47

FIX

SS1

SS2 5 429 218 10  7.71 1.76 9 6.93 208 10 755 1.80

FRUS

SS3 5 564 220 4 503 1.73 5 552 2.08 4 493 1.74

SAT

SS4 2 8.77 2.01 2 6.87 1.57 2 9.21 1.85 2 7.15 1.63

SS5 53 421 Al 106 7.65 7,3 547 el 106 750 1.80

COM

SS6 030 358 202 055 829 158 030 360 195 055 822 1.70

DIFF

SS7 55 491 192 65 287 159 55 495 182 65 286 1.66

IFT

SS8 0.008 3.18 1.68 0.008 530 153 0006 468 1.46 0.010 3.48 1.52

SS9 30 526 208 30 479 1.58 30 522 1.99 60 821 1.61

TIME

SS10 20 937 1.86 10 339 142 20 848 1.90 20 801 153

SS11 10,4 462 208 106 444 171 204 808 191 10,6 456 1.75

RBP

COM

SRAPAN 095 482 201 099 881 157 099 887 191 099 875 1.63
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Stopping Strategies and Conditions: Aspectual Recall over Depths
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Fl[NRHN Aspectual recall (documents containing at least one new entity) over the mean depth

per query for each result summary level stopping strategy, reported over each of the four exper-

imental conditions. Note the profound gaps between the two tasks using diversified system n

and non-diversified system m The depth per query reported on each x axis is cut at 25.
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mean depth per query increases. We also observe that a much higher level of AR is attained

by tasks using system n For example, BEEERIOOIVIEN attains a maximum AR of 1.04 at a
mean depth per query of 4.21, and 0.69 at a mean depth per query of 7.65 under conditions

and B\ IPEIWE respectively. These results provide further proof that subjects and
simulated searchers enjoyed a more diverse set of results when the diversification algorithm

was applied.

Turning our attention to the remaining stopping strategies, we first consider our fixed-depth

baseline BSRYEIEVE in addition to frustration-based strategies BSEPEININ and BSREEIN[6R. All

three perform remarkably well, with BEEEEIEVE indeed offering the best performance for

condition J\[PAM:PR. Under condition for example, the three strategies offer a

maximum [CGof2.19, 2.18 and 2.20, respectively. This is compared to the maximum reached
by BREERIEOIVIN of 2.21. In addition, the strategies all offer these levels of [CQG at similar
mean depths per query, suggesting that such approaches are just as robust as the combina-

tion strategy. This perhaps is an unsurprising finding, as BREEE0L:R utilises BEPEINI

as its frustration-based component.

Considering our time-based stopping strategies BSEEEILII28 and BSRRLENEARIIIAN, we find

that consistently delivered the best performance across the four experimen-
tal conditions. This result is perhaps somewhat surprising and mirrors findings from Sec-
tion [/.3.2.1 on page P19. An adaptive approach such as would intuitively
make more sense. Here, the searcher would then be able to adapt his or her stopping be-
haviour based upon the amount of relevant content found, rather than simply stopping
after 30 or 60 seconds have elapsed from the point at which they would have begun their

examination of results.

Considering our measure-based strategy BFNPEI:IAN, the performance offered across the
four conditions is somewhat poorer than the other strategies. However, no significant dif-
ferences in performance were observed with this stopping strategy. Once notable trend

regarding the results for this strategy is the relatively shallow mean depth per query that
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simulated searchers reached, despite the close proximity of the patience parameter to 1.
For tasks employing system m results are particularly invariant — no obvious peak in

performance is observed.

The difference threshold stopping strategies BS{CEIN and BREYAIAN vielded similar per-
formance when compared to BESEE PRI, However, simulated searchers subscribing to the

difference strategies both traversed result lists to greater depths on average. Performance
from these strategies perhaps was hindered by the querying strategy that we employed and

demonstrates that they are not particularly robust at dealing with poor quality queries.

The [F}-based stopping strategy however consistently performed the worst over
all four experimental conditions. As can be observed from Figure B.7, we can see that the
aforementioned gap between the two systems was not present, with all four tasks bunched
very closely together across the range of mean depths per query. Indeed, performance
across tasks utilising system n was significantly different from the best performing strat-
egy, BEEEROIER. [CQ reached 1.68 and 1.46 for tasks and respectively
at relatively low mean depths per query. This suggests that the strategy was stopping too
early, which may indicate an incorrectly set rate of gain. This, and other aspects of our

findings are discussed in Section [[0.2, beginning on page B38§.

W E Real-World Comparisons

We now turn out attention to an examination of our real-world searcher comparison runs.
These simulations provide a means for us to address under the context of
varying task types and goals. As a reminder, we replayed all of the queries issued by the
real-world searchers, allowing us to make a direct comparison between simulated and real-

world click depths, indicative of a searcher’s stopping behaviours.

Figure B.9 on page P97 provides a total of twelve plots, one per result summary level stop-

ping strategy. Within the plots are four lines, one representing the approximations offered
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by each of the four conditions for a given stopping strategy. Along the x axes is the mean
depth per query, with the y axes this time to denote the MSE of the real-world vs. simulated
click depths for the given stopping strategy and experimental condition combination.f Each
point on the plotted lines represents a stopping threshold parameter configuration. The
closer the MSE tends to zero, the better the approximation to actual searcher stopping be-
haviours. For reference, we also include four dashed vertical lines on each of the plots in Fig-
ure B.9. These lines represent the mean click depths achieved by the real-world searchers,
over each experimental condition. The closer the lowest MSE was in a given simulation to
the corresponding real-world click depth, the better the approximation. For example, the

last point for condition under stopping strategy BEEEEIEVE lied very close to the

real-world click depth mean of 12.85, compared to the simulation result of 13.25. However,
under BEYAIINE the same condition obtained a relatively shallower depth compared to

the mean of the corresponding real-world value. This results in a higher MSE.

From the plots in Figure B.9, we can observe a number of notable trends. One of the first
points of note is the consistent ordering of the different conditions across the twelve stop-
ping strategies. Remembering that the lower the MSE value the better the approximation
offered, we see that consistently offers the best approximations, especially at lower
mean depths per query. Thisis then followed by and finally .
Note that unlike the results of the performance (what-if) simulations reported earlier in Sec-
tion B.3.2.7], there is a distinct lack of separation between the two experimental systems
trialled - all four conditions are evenly spaced out. We also see smooth curves for stop-
ping strategies such as and that offered good levels of
performance from simulations reported in Section B.3.2.1. Conversely, strategies that per-
formed poorly also appear more diffuse with widely spaced plots, such as those shown by
and . These plots demonstrate that the approximations offered by the
stopping strategies are relatively poor related to the mean depths per query, reflecting the

presence of less exact approximations.

®Refer to Section p-4.3.3 on page [[82 for further information on how we computed the Mean Squared Error
(MSE).
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Stopping Strategies and Conditions: Simulated vs. Real-World Comparisons
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query. Runs over each of the four experimental conditions are shown. Also included in the plots

are a series of dashed lines denoting the mean depth per query reached by the real-world subjects

of the user study — one for each experimental interface.
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8.3 Simulated Analysis

Given these trends, what stopping strategies offer the best approximations of actual searcher
stopping behaviours? Table presents for each stopping strategy (over each condi-
tion) the point on the corresponding plots in Figure B.9 where the lowest MSE value is
attained (MSE), together with the values of stopping parameter threshold(s) (xn) used for
its calculation. Note that for condition generally lower MSE values are attained

pllefplile|aleW the stopping strategy that yielded
the lowest MSE for each condition. Interestingly, the baseline, fixed-depth stopping strat-

egy BERAELVE offered the best approximations for conditions and both

of which were using diversified system ﬂ In comparison, conditions J\|PAEENE and

than under other conditions. The table also

(PRIl were both found to show EREYROEHERINIER as the strategy that yielded the best
approximation to actual searcher stopping behaviour. Consistency is also observed across
the stopping parameter thresholds that yielded the lowest MSE — for BSNBIEVE, a depth

of 24 is cited as yielding the best approximations, with the best approximations under

SR VEHER yielded at 30 seconds after the last relevant document had been saved.

Given the fact that we observed consistent results across the systems trialled, we also de-
cided to examine whether a particular stopping strategy emerged as providing good ap-
proximations over all four experimental conditions when averaged together. Results from
this analysis are shown in the Average grouping in Table B.13. Statistical tests comparing
the best approximating stopping strategy (again ) against the remaining
eleven stopping strategies yielded no statistically significant differences. Indeed, this was
true across all four experimental conditions when considered in isolation. This result high-
lights that all stopping strategies offered similar approximations. As in Chapter [, no statis-
tical differences emerged when considering the average of the four experimental conditions.

Because of this, we do not explore this avenue any further.

Moving back to our per-condition examinations, Table B.14 reports additional information
relating to the best approximation offered by each stopping strategy. We report for each
stopping strategy the: mean depth per query (DQ); the mean number of saved and [TREQ

relevant documents (or interactive precision, iP); and the mean AR, denoting the number
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8.3 Simulated Analysis

IELICRI I Results from the simulated comparison runs, showing the lowest MSE value reached
over each result summary level stopping strategy trialled. x, denotes the parameter threshold(s)
that the lowest MSE was reached with. Results are presented across the four experimental con-
ditions. For each condition, the stopping strategy that attained the lowest MSE is [allslalie]sle=lc M.
For the combination stopping strategies, two parameters are presented, with x,,x4 presented for

SRREIEO1 YN and x1,x4 presented for Ry MEIEO]Y: 8. Significance testing yielded no significant

differences between the stopping strategies at a=0.05.
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8.3 Simulated Analysis

of saved, [[RE( relevant documents containing at least one new entity. The values were
attained at the stopping threshold parameter(s) that yielded the lowest MSE, as reported
in Table B.13. Also included in Table B.14 are the mean values for each measure that were
attained by real-world subjects within the user study (represented by the RW) column, in-
cluded for direct comparison. We once again also the stopping strategy for each

condition that yielded the lowest MSE values.

Results observed from Table B.14 are largely as expected: stopping strategies that yielded
close approximations to actual mean searcher behaviours offered mean depths per query
that were similar to those of the real-world mean for the given condition. In contrast, we find
that stopping strategies offering approximations with higher MSE values such as
and do so at lower or higher mean depths per query, although these
differences are not statistically significant. Results from Table B.14 also show that the sim-
ulated searchers on average saved fewer [RE( relevant documents across all four experi-
mental conditions, and, as a consequence, identified fewer [RE( relevant documents with
at least one new entity. For example, across conditions and
real-world subjects saved 2.63, 2.18, 2.51 and 2.22 [RE( relevant documents
respectively, on average. Across our fixed-depth baseline simulated searchers
saved 1.94, 1.96, 1.67 and 1.66 TRE( relevant documents. These comparatively low val-
ues may be an artefact of how we instantiated the simulations of interaction. We leave this

discussion to Section [[0.2.

With the comparatively low numbers of [RE( relevant documents saved, this also cor-
responds to a relatively low level of [CG when compared to the real-world means across
conditions. Figure B.I{ reports the mean levels of [CG that were attained for each of the
stopping strategies, along with the mean real-world [CQ values for each experimental in-
terface. These values were again computed from the stopping threshold parameter(s) that
yielded the lowest MSE values, as reported in Table B.I3. Bar charts provide a visual rep-
resentation of [CQ attained by each stopping strategy for each experimental condition, with

the ranked values provided to the right of each chart. With real-world CQ values of 4.09,
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8.3 Simulated Analysis

Additional results from the searcher comparisons runs. We report the mean depth
per query (DQ), the mean interactive precision (iP) — and from that, the mean number of saved
documents that contain one or more new entities (AR). All values are reported at the configura-
tion yielding the lowest MSE (refer to Table [.13)), indicating the best approximation to real-world
stopping behaviours. We also include the mean real-world (RW) values over each condition for a
direct comparison. Note that stopping strategies offering the lowest MSE are — cell

colouring here does not denote the outcome of any significance testing.
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8.4 Chapter Summary

3.35, 4.12 and 3.49 attained for conditions ND AS and B\DAW: DR we

can see that in all but condition E\|[DEENE the real-world searchers on average outperform

all twelve stopping strategies. For condition SSEELNON yielded a [CQ value of

3.55 compared to a real-world value of 3.35.

For conditions and we find that stopping strategy By ERIIIN also

yielded the highest level of CQ after the real-world means. This is in contrast to stopping
strategy yielding the lowest MSE (approximating mean click depths). For con-
dition frustration-based stopping strategy was the stopping strategy
offering the best[CQ (2.73), along with that offered the highest overall [CG for con-
dition as previously mentioned. This means that instead of following their actual

behaviours, the real-world searchers would have on average attained a slightly higher level

of [CQ if they rigidly followed EREEN[6NNeIEN. However, the difference is not significant.

Looking towards the lower end of the bar charts in Figure B.1(, we note that stopping strate-

gies SRR BEVEDI(E BHIal and BRYPEIELN frequently appear. In particular,

SR PEETR consistently ranks last, with the lowest level of [CG attained. For this stopping

strategy, we can see that the plot in Figure B.9 demonstrates that it underestimates the stop-
ping depths, with searchers stopping at much lower mean depths per query. These values,
being much lower than the mean real-world equivalents, result in higher MSE values. Un-
derestimation can also be clearly seen for with the lowest MSE values attained in

the range of 7.10 to 9.97 across the four experimental interfaces. The same can be observed

for BSEYEINIAE. Contrast this plot for example to that of BESREERIAN, with a smooth curve

and the lowest point of each line close to the real-world means.

N:¥ Chapter Summary

In this chapter, we have examined how varying search task type, goals and systems affect

the behaviour, performance and user experience of searchers. This was conducted via a
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Stopping Strategies and Conditions: Simulated and Real-World CG
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AR 0R Bar charts, one per experimental condition, demonstrating the mean level of [CG

attained by each result summary level stopping strategy. Ordered by [CG, these values are reached
using the threshold configurations yielding the best approximations to actual searcher behaviour, as

shown in Table B.13. Also included are the mean real-world searcher [C3 values for each interface.
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8.4 Chapter Summary

crowdsourced user study, as reported in Section B.2. From this user study, we then sub-
sequently used interaction data to ground an extensive set of simulations of interaction,
reported in Section B.3. These simulations were used to determine how each of the twelve
stopping strategies proposed in Chapter | performed and approximated the mean stop-

ping behaviours of searchers. In turn, these findings provide answers to our two high-level
research questions zIRINOEEN and ERIKINOELN when tasks and goals were varied.

Considering the user study first, we trialled four different experimental conditions. These
were (diversified system, aspectual task), B\[DEEISE (non-diversified system, as-
pectual task), MWLM (diversified system, ad-hoc task) and (non-diversified
system, ad-hoc task). Under system m, results were returned with the standard BM25
retrieval model (f = 0.75). For system ﬂ however, results were re-ranked according to a
diversification algorithm. This helped ensure that a more diverse set of results for the given
topic were returned. It used entities contained within each document to perform the re-
ranking. Considering tasks, searchers were either asked to save four relevant documents
(for task APM), or save at least four relevant documents that contained at least one new

entity related to the topic being examined (for task ASH).

While significant differences existed between the performance of systems m and n
no significant differences were observed when considering searcher behaviours, although
trends were observed. When using system n subjects did offer improvements on aver-
age, saving more [[RE( relevant documents and [RE(Q relevant documents with at least
one new entity. Evidence was also found to support our [FI-based hypotheses. However,
the lack of significant differences between the experimental conditions — and (perhaps) the
small sample size — may suggest that bigger differences may be required between systems.
Individuals may then be able to subjectively report on whether the two would yield differ-

ent levels of performance.

From the user study, we then took the interaction data to derive a series of interaction proba-

bilities and costs. In turn, these were used to ground an extensive set of simulations of inter-
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8.4 Chapter Summary

action. Split across performance (addressing ) and comparison runs (addressing
), we examined each individual stopping strategy both in terms of overall perfor-
mance and how well they approximated actual searcher stopping behaviours. These were
run across each of the four experimental conditions. Findings for show that all
twelve stopping strategies offered reasonable levels of CG. We found that stopping strate-
gies and offered the best levels of [CQ (with performing
best under condition J\|bAEIMN). Only stopping strategy consistently yielded
significantly poorer levels of performance than the best performing strategies, perhaps due

to how the strategy was instantiated.

When considering we found that under system n offered the best

approximations to searcher behaviours, with providing the best approx-
imations for system m This is an interesting result — and perhaps can be attributed to
the fact that system n offered better performance on average than system m Intu-
itively, the result makes sense. Given the higher levels of performance afforded by n
more relevant documents mean that following a fixed-depth approach on average would
most likely yield greater benefits. On the contrary, with the poorer performance offered by
m an adaptive approach would make more sense when fewer relevant documents were
presented. However, when comparing the simulation results to the real-world means, we
found that the simulated counterparts of the real-world subjects performed poorly across all
conditions, and may be utilising improved stopping criteria than the twelve operationalised

stopping strategies trialled. Further work will be required to examine this.

Along with results from Chapter [/, findings from this chapter will be discussed in detail in
Chapter [[0. From an examination of our result summary level stopping strategies, we now

turn our attention towards our final contributory chapter. Here, we experiment with our

new stopping decision point — level stopping.
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Chapter 9
Modelling SERP Level

Stopping Behaviours

In Chapters [] and , we reported on two user studies that examined the effects of searcher
behaviour and performance under different search contexts. Interaction data from these
studies were then used to ground simulations of interaction that examined how each of
the twelve different stopping strategies performed and approximated real-world searcher

stopping behaviours. We now turn our attention towards providing a complete answer to

our first high-level research question, JzIEI{oXI.

« IS NONM How can we improve searcher models to incorporate different stopping

decision points?

In order to address this research question, we presented in Chapter f the [Complex Searcher]

a conceptual, high-level model of the search process. The [CSM introduced
the SERP level stopping decision point, motivated by information scent. This new stopping

decision point allows a simulated searcher to abandon a SERD if a general overview of the
given FERI shows that the results did not appear to provide promising results. With the
definition of the [CSM partially satisfying in this we chapter provide the results

of an empirical study using the new stopping decision point.
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9.1 Motivation and Research Questions

Il Motivation and Research Questions

We begin with the concept of FERI abandonment (discussed previously in Section §.4.4 on

page [[17), before considering how [[nformation Foraging Theory (IFT) provides strong theo-

retical motivation. The concept behind the new SERP level stopping decision point revolves

around the notion of SERH abandonment, when a searcher fails to click on any of the results

returned for a given query (Diriye et all, 2012; Hassan and White, 2013). This may occur for

a variety of reasons, both good and bad. The primary motivator for this study considers the

notion of bad abandonment, where searchers abandon a GERH because they are dissatisfied

by the results returned (Hassan and White, 2013).

As we discussed in Section B.3.1.T on page P2, Pirolli and Card| (1999) argue that information

seekers are like animals foraging in the wild, and as such will follow a scent to find food. As
discussed previously, information seekers have been shown to follow a series of proximal
cues provided by SERIP components such as hypertext links, titles, snippets and thumbnails
to help locate relevant information (Pirolli and Card, 1995, 1999; Chi et all, 2001; Olston and
Chi, 2003; Pirolli, 2007). For example, Card et al! (2001) found that when navigating through

webpages, searchers were more likely to leave when the information scent provided on a

page began to decline. Work by Wu et al] (2014) discussed a user study where low, medium

and high scent SERPq were created by changing the number and distribution of relevant
items on the page — thus altering the proximal cues provided. Those interacting with high
scent SERPY examined more content and went to greater depths compared to those who

utilised low scent GERPS. Further work by Ong et al! (2017) — and indeed the user study

reported in Section /.2 — all confirm that modifying the scent of a FERH does indeed alter a

searcher’s stopping behaviour.

For this chapter, we operationalise the information scent as the performance of a given SERD,

examining how the new SERD level stopping decision point within the searcher model — as
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9.1 Motivation and Research Questions

Examine Topic » Generate Queries

A

Out of queries

Issue Query

View SERP

Appears

Continue?

®

Useful?

Continue
on SERP?

Examine Snippet

Attractive?

Mark Document Relevant?

Assess Document

Click Document

SL-R M The |Complex Searcher Model (CSM), highlighting the stopping decision point (by an
asterisk*, with the examination component also highlighted within the blue rectangle) that is

examined in detail in this chapter. Refer to Section for an in-depth explanation of the model.

shown in Figure P-I — affects searcher, stopping and overall performance. This is achieved

by enumerating a series of different SERH level implementations, allowing us to opera-

tionalise the new stopping decision point in several ways. As such, we pose two key re-

search questions to be addressed in this chapter.

NSO Does the incorporation of a SERT level stopping decision point lead to

improved overall performance?

Further information on the [Complex Searcher Model (CSM] can be found in Chapter [}, starting on page [[07.
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9.2 Methodology

NN EINOPR Does the incorporation of a SERH level stopping decision point lead to

improved approximations of searcher stopping behaviour?

Taken together, the answers to these research questions will provide us with a complete
answer to high-level research question JzIRINOXM. This is in conjunction with the [CSM
proposed in Chapter f. In the next section, we outline the methodology undertaken to

address the aforementioned research questions.

Wl Methodology

In order to address the two research questions posed above, we followed general method-
ology. This is detailed in Section b.4 on page [[57. A variety of different simulation com-
ponents that mapped to individual components of the [CSM were left unchanged from the
general methodology. One can assume that all components are left unchanged, save for
changes to our experimental setup outlined here. The component of interest for the work

in this chapter is the SERP level stopping decision point.

In this section, we outline:

= the different SERD level stopping decision point implementations that were trialled,
including the introduction of a new interaction probability concerning the likelihood

of examining a SERD (Section P.2.1)); leading onto

» a discussion of the different interaction probabilities and costs that were used for this

study (Section P.2.2);

= an enumeration of the different result summary level stopping strategies trialled for

this study (Section P.2.3); and

» asummary of the other components of the CSM that departed from the general method-
ology (Section P.2.4).
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Wl SERP Decision Making

This section discusses the various ways in which we implemented this new stopping de-
cision point. As a searcher can only obtain an impression of the overall quality of a FERP

from what he or she can see at a glance, we begin this section with a discussion on the size

(O], (e (11, [o N T VATV oo T g 851748 Real-world searchers are able to infer the quality (and

perhaps relevance) of a given page or SERI through the examination of various proximal

cues (Chi et all, 2001). Such cues are not considered in this work. Instead, we rely upon

more simplistic means to implement the stopping decision point. One aspect of a FERP§
presentation that we do consider in this chapter is the size of the browser’s viewport. A FERD|
is typically larger than the viewport within which it is displayed, leading to the inclusion

of scrollbars. Results can only be seen above-the-fold, or what is visible within the viewport.

We argue that a searcher can infer the quality of e scotch whiskies - Search

the SERDP from the initial view with which they Search scounwmsces

https://www.malts.com/distilleries/dalwhinnie/

are presented, and thus incorporate a ’Ulewport Dalwhinnie Distillery stands in the Cairngorm National Park at the heart of the

Scottish Highlands in the village of Dalwhinnie. Finest scotch whisky.

size (vsize) Variable in our simulations of interac- hitps:/lwww laphroaig.com _
Laphroaig Single Malt peated Whisky from Islay. The most richly flavoured
scotch whisky in the World.

tion — a searcher can only judge what they can | scapaWwhisky|Scapa The Orcadian

scapawhisky.com/
Scapa is an artisanal single malt whisky forged by the extreme elements of
Orkney, Scotland.

see. This variable can vary between the different

. . . Jura Whisky: Jura Single Malt Scotch Whisky
interfaces we trialled. For example, longer snip- [/ iesieo con

Learn more about what makes Jura Single Malt Scotch Whisky a long way from
ordinary.

Bruichladdich - Single Malt Scotch Whisk
https://www.bruichladdich.com/

PROGRESSIVE HEBRIDEAN DISTILLERS of classic and peaty single malt
scotish whisky, including the world's most heavily peated whisky, Octomore.

pet text resulted in fewer result summaries being
displayed in the initial view. By using a fixed-
size popup window in the two user studies (as The viewport threshold.
discussed in Section p.2.7), we were able to man- In this example, three result summaries are
ually check the number of result summaries dis- Visible, with two present but outwith the
viewport. Therefore, Vsjze=3.

played within the popup window, and use these

values to provide more extensive grounding to the new stopping decision point.
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For simulations of interaction reported in Chapter [}, different values of v, could be used
over the four experimental interfaces trialled. This was because for each interface, result
summary lengths varied. As we tended from interface (no snippet text) to (four
snippet fragments), longer result summaries would impact upon the number of result sum-
maries visible in the initial view. Longer result summaries would mean that fewer would
be presented within a viewport of the same size, compared to shorter result summaries.
However, result summary lengths were not modified under the experimental conditions
trialled in Chapter §. This means that vs;,, would (on average) remain constant, with fixed

popup window dimensions resulting in two lines of snippet text per result summary.

L3 HTaT(a (o] B RCLTTAVER | [T BYe=1i 8 Given a SERD, would it constitute as low scent or high scent?

For this chapter, we follow the work of Wu et al] (2014). In their study, the authors state

that a low scent SERD offers little or no relevant content. Definitions by Wu et al! (2014)

and Hassan and White (2013) define a poor scented SERP as P@10 = 0.0. We take this defi-

nition to delineate between good and bad FERPS, and extend it by also considering v,.. This
leads to our definition of P@uv;,, = 0.0 for a poor quality FER, meaning that a simulated
searcher would then gauge the quality of a SERH by examining the average number of re-
sult summaries displayed within a fictional browser viewport for the given experimental

interface or condition being trialled. The definition of low and high scented SERPq was also

used for ERAREIEO)I:N as defined in Section p.5 on page [31].

For this new stopping decision point, we introduce the proba-
bility of examining a or Bd{38. Given a FERP presented to a searcher, this probability
determines the likelihood that the searcher will enter the SERH (based upon its information
scent) and begin to examine result summaries in detail. Taking this concept further, we can
then consider two further probabilities of interaction that incorporate the notion of a SERP§

information scent, yielding:

« BHGELEBN the probability of examining a SERD perceived to give a high information
scent (i.e. a good quality SERP); and
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Compute Query Performance

Low Scent High Scent
P@v__ = P@v__> 0.0 \/
P(EILS) = #SERPs w/click P(EIHS) = #SERPs w/click

#SERPs #SERPs

Hl[MRBEN An illustration highlighting how the different examination costs were com-
puted. As an example, low scented offering P@vis;,. = 0.0 are selected, with the calculation

for P(E|LS) then taking place. We consider both the probability of examining yielding both
high and low information scents. The definitions for low and high scented Using Vsjze are
adapted from Wu et al| (2014) and Hassan and White (2013).

« RH(|BYR the probability of examining a SERP offering what appears to be a low
information scent (i.e. a poor quality BERD, or P@v;;,, = 0.0).

These values were computed from interaction log data, taken from the two user studies re-
ported in Chapters [] and . Computed values derived are not reported in this section; refer
to Section P.2.7 for the probabilities. Intuitively, one would expect a searcher demonstrating
competency at searching for information to know when a query is returning good results
and vice versa. As such, one would expect to see a higher probability for P(E|HS) than

when compared to P(E|LS), and would provide evidence that searchers do indeed attempt

to avoid low quality BERPS.

As illustrated in Figure P.3, we took each query issued from the interaction log of each

user study, and extracted for each the P@u;;,, score (as per Wu et al! (2014))), considering

P@ugj,, = 0.0 as our criterion for a FERI of poor scent. For the interactions recorded on
each BERP, we could then count the number that recorded no clicks (meaning no result
summaries were deemed to be attractive enough to examine further). We considered this

as a definition of an FEPERLIHELRISNAN as used in previous work by Hassan and White
(2013). From these counts, we could then compute the probabilities of examining a SERD,

as illustrated in Figure P.3.
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RN Decision Point Implementations

We trialled three different implementations of the SERD level stopping decision point, pro-
viding us with the ability to explore the effect of incorporating it within the [CSM. These are
enumerated below, with an explanation of each. The first can be considered our baseline

approach.

. Considered our baseline, a searcher subscribing to this implementa-
tion will always enter the SERH and examine at least one result summary — the exact
number would be determined by the result summary level stopping strategy. This is
the generally accepted approach as used in prior simulations of interaction. As such,
we consider this to be our baseline implementation. As a reminder, this implementa-

tion was used in the simulations reported in Chapters [] and B.

From here, the remaining two strategies begin to consider a simulated searcher’s judge-
ments regarding the perceived quality of a FERP, and thus begin to use the new stopping

decision point to abandon a SERD before examining individual result summaries in detail.

» BCAREE Tall Here, a simulated searcher will only begin to examine a SERI in de-

tail if P@u,;,, > 0 (considering the viewport size). If P@ug;,, = 0, the searcher will
abandon the FERP, and proceed to the next action as dictated by the [CSM|. This is the
upper bound in terms of performance for the stopping decision point, and is analo-

gous to, as an example, the ideal user of Hagen et all (2016)).

« BSIGAEIETER This final implementation used a stochastic element to determine

whether the simulated searcher should enter the SERP or not. Like above, the view-
port size (P@us;,,) of the SERD| is computed. If the SERP is of high scent, P(E|HS) is
used to determine whether the searcher should enter the SERD|. Conversely, if the SERD]

is considered to be of low scent, P(E|LS) is used instead to determine the likelihood
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of abandonment. We considered the probabilities of interaction for a given interface

or condition, taking the average.

Given the three implementations, one would intuitively expect to yield
simulated searcher that attain the highest overall levels of [CG. These searchers would not
waste time examining poor scented SERPY, and instead spend their time examining SERPY
that will return at least one relevant document. For the implementation that offers the best

approximations of real-world stopping behaviours however, B =M1 {-I4 @ may not be

best. It depends how well real-world subjects were able to discern from good and poor

scented SERPY. It is more likely that will provide the better approxima-

tions of real-world behaviours.

By considering the three different approaches to implementing the new SERD level stop-
ping decision point, we can then clearly identify whether improved performance and im-
proved approximations of actual searcher stopping behaviours are offered. We also trialled
each of the stochastic SERD level stopping decision components a total of 10 times, comput-
ing the average over the different trials. Given that the decision maker components of the
SimlIR framework were run a total of 50 times each (responsible for determining the at-
tractiveness of result summaries and relevancy of documents), this made the addition of
a stochastic GERD level stopping decision point expensive in terms of the number of addi-

tional runs that were required.

WA Interfaces, Conditions, and Experimental Grounding

To determine whether the new SERD level stopping decision point implementations of-
fered improvements, we conducted a series of simulations across interfaces and conditions

trialled in the two user studies, reported earlier in Chapters [] and B.

From Chapter [}, the different experimental interfaces — whereby result summary lengths

were manipulated — were considered. Namely, these were and BES. From
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Probabilities of examining high (P(E|HS)) and low scented (P(EILS)), along

with vgjze Values for each of the experimental interfaces and conditions trialled in this chapter. Sta-
tistical tests between interfaces/conditions yielded no significant differences, at =0.05. Probabil-
ities that are used in the experiments reported in this chapter are {illelallelaeeM Refer to Tables[7.6

(page R17)) and (page 283)) for other interaction probabilities and costs for the studies re-
ported in Chapters [7]and 8.

0.27 0.40 0.31 0.40

Chapter [7

P(EIHS)

P(EILS)

Chapter §

Vsize

Chapter §, we also considered the four experimental conditions that manipulated the un-

derlying system and searcher tasks: ND AS and ND AD }

From the interaction data of the two user study interaction logs, we could then compute the
probabilities of subjects examining low scented (P(E|LS)) and high scented (P(E|HS)) SERPS.
Values were computed as per the explanations provided in Section P.2.1. The computed val-
ues are reported in Table P.1, along with the corresponding vg;,, value for each interface or
condition, denoting the number of result summaries visible within a simulated viewport.
From examination of the table, we can see that the probabilities for both sets are very sim-

ilar across all interfaces and conditions. Indeed, a two-tailed Student’s t-test yielded no
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significant differences across the four interfaces or conditions where @ = 0.05. Given the
close proximity of the probabilities (and the subsequent lack of differences that we would
likely observe), we simplified our experimentation. We chose to run experiments for one

interface and condition per study, selecting and BNPAW.N. These were selected as

they represent a standard search interface and task.

Values reported in Table P.1 should be considered in tandem with the interaction costs and
probabilities reported in Tables [/.§ (page P17) and B.I{Q (page £83). These tables report in-
teraction costs (such as querying and document examination costs) and other probabilities
(considering the probabilities of clicking on result summaries, P(C|R) and P(CIN) — and
saving documents, P(S|R) and P(S|N)).

Il Result Summary Level Stopping Strategies

Chapter f presented twelve different result summary level stopping strategies. To further
reduce the complexity of the experimentation reported in this chapter, we decided to reduce
the number of strategies that we considered. Doing so reduced the risk of potentially repeat-
ing the same results as shown before, while still demonstrating that when enabled, the SERD]
level stopping decision point yielded improved performance (and closer approximations)

to actual searcher stopping behaviour — while still reporting over a range of configurations.

We only report the results of three result summary level stopping strategies in this chap-
ter. These were selected as they offered good performance and approximations of actual

searcher stopping behaviours in results presented in previous chapters. We used:

« BEPEININ, the frustration stopping strategy, considering the total number of non-

. the fixed-depth baseline result summary level stopping strategy;

relevant summaries encountered; and
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= ERERIEOlVN the combination stopping strategy combining frustration-based strat-

egy BEEPANIN and satisfaction-based strategy BSEZESTAM.

Definitions for each of these stopping strategies can be found in Chapter B, starting on
page [[21. Note that these strategies were instantiated with the same x,, values (stopping

threshold values) reported in the general methodology in Section p.4.2.6 (page [[73).

e R:W Remaining CSM Components

The remaining [CSM components were configured as presented in Section p.4.3.1. For com-
parison runs, queries issued by real-world subjects under and J)\[P R\ were again
replayed in the simulations, the process of which is outlined in Section p.4.3.7 on page [[82.

Specificimplementation details for interface [P} were the same as described in Section [/.3.1]

(page 216), with the methodology in Section B.3.T (page £81)) followed for .

9.3

We now report the results of our simulations of interaction, involving the new SERP level
stopping decision point. As in previous chapters, we discuss our findings over two subsec-

tions, considering:

. (Section P.3.1)), where we discuss the highest levels of perfor-

mance attained by simulated searchers under different what-if scenarios; and

. (Section P.3.2), where we provide results of the simulations that

were directly compared to actual mean searcher stopping behaviours.

Both of these runs provide answers for this chapter’s two research questions, 3NN oX
and BUENOPA. Refer to Section P.J] for information on the questions posed.
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SN RSN While the difference between individual result summary level stop-

ping strategies is interesting, the main focus of the results reported in this chapter is the
difference in performance and approximations offered across individual FERP level deci-
sion point implementations. Statistical tests in this chapter are therefore performed across
different SERH level decision point implementations to determine if significant differences
exist between them. All tests reported in this chapter utilise the two-tailed Student’s t-test,
where @ = 0.05. Unlike Sections [/.3 and B.3, we this time examine results for significant

differences between the implementations.

Figure P.4 presents six individual plots, each representing one of the three different result
summary level stopping strategies trialled (from and ).
The three plots on the top correspond to results over interface (Chapter []), with the
bottom three plots corresponding to condition E\|PAR.\®E (Chapter f). Each plot repre-
sents the mean level of [CQ that is attained across the runs (represented on the y axes)

across varying mean depths per query (along the x axes). In each plot, we represent the

three individual SERDP level stopping decision points, with our baseline B={NNEVEE,

S Al and IS UAMEEIS(la @ presented. This means that we can observe how

performance varies across different depths, over different result summary level stopping

strategies — and over a different interface/condition.

From an initial observation of the plots, we note a number of different (and consistently
occurring) trends. As with the plots in Figures [/.§ (page £27) and B.7 (page 289), we observe
that at low mean depths per query, all three SERD level decision point implementations
offer similar levels of [CG. [CQ then steadily rises up to a peak as the mean depth per query
increases. Once this peak has been reached, the performance then begins to slowly tail off,

or remain relatively invariant across greater mean depths per query. Of particular relevance

to is the difference in [CQ attained by the three different SERH level stopping
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SERP Level Stopping, Interfaces and Conditions: Performance over Depths

SS1-FIX SS5-COMB
r3.5 r3.5
8lso g g
= : :
St .. St St
q) 3 3 L3
S AN S H £l
L - El ]
c el £ £
v} (v} o
£ sp 5 £
— 9of [ o o [
= = =
0 5 10 15 20 25 0 5 10 15 20 25 0 5 10 15 20 25
Mean Depth per Query Mean Depth per Query Mean Depth per Query
SS1-FIX SS2-NT [E¥M'cERp Always SS5-COMB

> SERP Average
3.0

| L e EIIERE
I AN Ny

LR o

y al

T T T T 1 T T T 1 T T T 1
0 5 10 15 20 25 0 5 10 15 20 25 0 5 10 15 20 25
Mean Depth per Query Mean Depth per Query Mean Depth per Query

35
3.0
25

Mean Cumulative Gain (CG)
Mean Cumulative Gain (CG)
Mean Cumulative Gain (CG)

/

Condition [\RIEYY

.

W Plots demonstrating the varying levels of performance, measured in [CG, over the

mean depth per query. Plots are for the what-if simulated performance runs. Each result summary
level stopping strategy is plotted separately, with the three different level decision point

implementations shown. Plots on the top relate to interface P, plots on the bottom relate to

condition BYDE:DR.

decision point implementations. As previously mentioned, all three start from a similar
point at shallow depths per query, across all stopping strategies and the interface/condition.
However, as the mean depth per query increases, we observe that the performance across

the three different implementations begins to diverge from one another.

We consistently find that as the mean depth per query increases, the J]3:{RENTENSE (base-
line) implementation consistently offers the lowest levels of CG, and the B3Nl =g {=las

implementation consistently offers higher levels of mean [CG. This is an intuitive result;

avoiding SERP{ that offer a poor scent means that you are likely to invest more time in is-
suing queries that offer better results, thus identifying and saving more relevant documents.

This consistent improvement also provides evidence for addressing B3I {OXW — incorpo-
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rating a SERP level stopping decision point does indeed lead to higher overall performance.

The final implementation BRI presents further evidence to support this claim,
with performance generally performing better than the baseline B NNVEVER imple-
mentation. However, it should be noted that there are certain points where B3 WENS

does outperform ESSWNEICIEN. For example, examining the plot in Figure P.4 for inter-

face over stopping strategy BEEPAININ, one can see that B3 {NTEVSE outperforms

S SRSl at a mean depth per query from around 6 to 8. This may be because that

a simulated searcher may decide to skip some queries judged to yield a poor scented SERD,

and would therefore have the time to issue more queries later on in the session. As we donot
consider previously examined content in the initial SER judgement, a simulated searcher
may enter subsequent FERPY without any additional relevant content to mark, lowering

their overall mean [CG. We discuss this potential limitation later in Chapter [[0.

Given the evidence supporting we now turn our attention to the absolute best
performance that each of the stopping strategies yield, across each interface/condition and
over the three SERP level stopping decision point implementations. Table P.2 provides these
values, with values for interface reported first, and condition reported un-
derneath. For each stopping strategy and SERP level stopping decision point combination,
we report: the highest level of CG attained; the mean depth per query (DQ) that this was
attained at, and the stopping threshold(s) (xn) that were used. For combination stopping
strategy two stopping threshold values were used for x; and x4. These are

presented in Table P.2 in this order.

From Table P.2, we find results that complement the findings observed in Figure P.4. In
the table, we Jallealllsjgifl the SERD level stopping decision point implementation and stop-

ping strategy combination yielding the highest level of mean [CQ. Unsurprisingly, these

are all obtained with the SERP level stopping decision point implementa-

tion. Indeed, a general trend from the table can be observed — improvements in the high-

est levels of [CG can be clearly seen as we tend from left to right, or B NVENEE to
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IEBIEREPA Results from the simulated what-if simulated performance runs, showing the high-
est levels of [Cd attained for result summary level stopping strategies Bk NS, BLPENIN and

SREEIEO)Y[ER. These are reported over the IS RWENSE (baseline), B GAEIEL R and
SERP Perfect level stopping decision point implementations. X, denotes the stopping

parameter threshold(s), with DQ denoting the depth per query at which the greatest [CG value
was attained at. Note that for combination strategy BEEIEIEOI VIR x ), x4 are shown as xp, column.

Stopping strategy/SERH decision point implementation combinations that yield the highest [CG val-

ues are [alle]alifelaie=tel.

IS 3 1 I Y 3 N
6.33 . : 4 4 2.98
7 6.16 2.49 21 10.77  2.58 8 5.07 3.11
8,4 6.17 2.52 21,9 10.54  2.59 8,7 5.04 -

SS1-FIX 10 6.47 1.81 10 3.93 1.82 10 4.69
SS2-NT 10 7.55 1.80 10 4.71 1.84 5 3.12
é SS5-COMB 10,6 7.55 1.80 10,4 4.43 1.85 10,3 4.87 -

. The biggest increase in maximum [CQ that can be observed from the ta-
ble is for over interface WP, with mean [CQ rising from 2.52 and a mean
depth per query of 6.17 to 3.14, at a mean depth per query of 5.04. Interestingly, the rises
in [CQ are more profound over generally when compared to the results obtained over

condition BNIDERDH.

Closer inspection of the values reported for the BS=:WNWEVAN SERD level stopping deci-
sion point implementation reported in Table P.7 can also be undertaken. These values are

considered as our initial baseline, and are essentially the values attained by the simulated
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searchers when instructed to browse every resultant SERP. As such, this is the configuration
that is employed in the results of the simulations of interaction we presented in Chapters [/
and B. Specifically, values of interface reported in Table [.§ on page P24 match those
reported in Table P.2 above. Indeed, this is also confirmed for condition with

results reported in Table B.17 presented on page P92 again matching those in Table P.2.

Considering the stopping threshold(s) and mean depths per query across the result sum-
mary level stopping strategies, we see that consistently offers the highest
mean [CG, with a slight drop in the mean depth per query at which the highest[CG score was
attained. Indeed, this trend can broadly be observed across the other two stopping strate-

gies, and over both interface and condition J\[P@:PR. An exception to this trend is

observed over SPEININ and BFEEEOIVIER under the B3R SERD level stop-

ping decision point implementation. Greater stopping thresholds are observed for x;, with

a resultant greater mean depth per query (= 10.6 over interface compared to = 6.16
over ISIGAWANEYER). Despite this, we see that a fixed depth approach holds up remark-

ably well, showing that when issuing a performant query, a fixed approach will offer good

returns. However, overall, we find that adaptive strategies BEEPAININ and SR ]:
outperform EEENEHVE.

Evidence has thus far led to trends supporting — the new GERD level stopping

decision point implementation does indeed yield improvements in performance. How-

ever, are the improvements offered by BI=:AEIELN and B =AY {-la @ significant

improvements over our baseline implementation, B=:NTENER? As outlined at the start

of Section P.3, we ran a series of two-tailed Student’s t-tests to determine whether this was

the case. Tests were run comparing the best performing implementation, BN Ig{-la @

against both SRl R and B ICAWWENIE, over each of the result summary level
stopping strategies, as well as over interface Vel ND AD |

STat s SERP Perfect Elts] SERP Always Elsted SERP Perfect Elgte} SERP Average

significant differences considering the levels of CG were observed. This was true across
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all result summary level stopping strategies, over both and J\|PA@N. Considering
SV @ over interface [P, we observed the following:

» BSUARCEIS Tl — B RAVEIE R SD = 2.43,£(2748) = 3.25,p = 0.001; and
« SRS Il — B RN SD = 2.46,1(498) = 2.19,p = 0.03.
We also ran comparisons between BTN and BUGAWAENYSE to determine

if a significant difference existed there. Unsurprisingly, no significant difference was ob-

served, with p = 0.78 reported over BN EIEVE and interface . However, results clearly
demonstrate that the upper bound B EMZ-Is{-la @ implementation yields significant per-

formance improvements over the existing baseline approach, across all stopping strategies

and the interface/condition. This solidifies our supporting evidence for SN,

RN Real-World Comparisons

From our what-if performance simulations, we now examine how closely each of the afore-
mentioned stopping strategies compares to actual searcher behaviours. Therefore, this sec-
tion provides an answer to . As areminder, these simulations replayed all of the
queries issued by real-world searchers, allowing us to compare real-world and simulated
click depths. In turn, we could then see if the inclusion of the SERD level stopping decision

point improved approximations.

Figure P.§ presents six plots, one for each of the three result summary level stopping strate-
gies: ; ; and . These are duplicated over interface
and condition . Each of the plots illustrates the mean depth per query to which
searchers traversed result lists to (represented along the x axis). This is plotted against

the MSE of the real-world vs. simulated searcher click depths (thus considering stopping

ZRefer to Section on page [[87 for further information on how we computed the Mean Squared Error
(MSE) for our comparisons.
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SERP Level Stopping, Interfaces and Conditions: Simulated vs. Real-World Comparisons
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Hls[I[¢-BBW Plots reporting the comparison runs, reporting the MSE vs. the mean depth per
query. Runs over interface [P (top) and condition B\I>:\sR (bottom) are shown, for the three

trialled result summary level stopping strategies. level decision point implementations are also
shown. Also included are dashed lines denoting the mean depth per query reached by the real-world
subjects of the corresponding user study. Note that the mean depth per query is limited from 5 to

20 to highlight what happens around the mean real-world click depths.

behaviours). Each point on the plotted lines represents how close the click depth approxi-
mation was on average for a given stopping threshold parameter configuration. The closer
the MSE value tends towards zero, the closer the simulated searcher’s approximation to
actual stopping behaviours. Each plot also presents one of the three trialled SERH level
stopping decision points, from and .
The plots demonstrate how approximations from each of the implementations differ across
interfaces/conditions and result summary level stopping strategies. We also include the

mean real-world click depths for a straightforward visual comparison, represented as ver-

tical dashed lines. These differ between interface and B\[PRW:R as shown in Fig-
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IELICRERE Results from the simulated comparison runs, showing the lowest MSE value reached

over each of the three result summary level stopping strategies trialled. These are reported over

the B CINWENRN (baseline), BTN E Tl and B LMY Y Wl SERF level stopping de-

cision point implementations. The stopping strategy yielding the lowest MSE for both JPA and

[\ [P0l are Wllelalife]ald<lel. Note that for combination strategy BEREEEIEOLER x ), x4 are shown

as Xn column.

Always Average Perfect

74.04 24 70.68 24 76.94

21
SS2-NT 15 77.76 21 7212 18 82.06
SS5-COMB 21,6 72.81 21,10 70.23 21,7 77.89

SS1-FIX 21 168.39 24 176.98 24 164.97
SS2-NT 18 175.39 24 169.52 21 169.85
§ SS5-COMB 21,5 162.81 24,8 168.26 21,5 160.69

ures [/.§ (page £32) and B.9 (page £97), respectively. Note also truncated x and y axes. As all

SS1-FIX

Int

plotted lines were close together, we altered the axes to better highlight the approximations

when the MSE values were at their lowest.

Ata glance, the small difference between MSE values demonstrates that there is not much of
a difference between the three SERD level stopping decision point implementations. To aid
in the reporting of our results, we also include a table of MSE values. Table P.3 reports the
lowest MSE values that were attained across each of the SERH level stopping decision point
implementations and stopping strategies, over and . Along with the MSE
values are the stopping parameter threshold(s) that were used to attain the lowest MSE for

each combination. For combination stopping strategy BESEEEOIY:R, we once again report
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x> and x4 for the thresholds, in that order. We also Ballelalife|ai®l in the table the lowest MSE
values over the three GERH level stopping decision point implementations, considering each

result summary level stopping strategy in turn.

From Table P.3, we note that over interface MR, the BAWNEICIN SERD level stop-
ping decision point consistently yielded the lowest MSE values over the three result sum-
mary level stopping strategies trialled. This is closely followed by our baseline approach,
with consistently offering the poorest approximations
of mean real-world searcher approximations. This result is intuitive — real-world searchers
would have been unlikely to correctly judge the scent of a FERI with 100% accuracy, and
thus would mean that the upper bound implementation would be fur-
thest from mean real-world stopping behaviours. In contrast, a stochastic approach offered
by would intuitively yield better approximations. Although real-world
searchers would not have rolled a die to determine whether a SERE is worth examining,
they would have had the flexibility to abandon SERPH that they felt did not offer a good
scent. This flexibility is provided to the simulated searcher. An interest-
ing observation for interface is the higher stopping parameter threshold(s) that were
found to offer the lowest MSE values. This demonstrates that the mean real-world searcher
stopping behaviours over this interface is that of a tolerant searcher, who is willing to ex-

amine results to greater depths on average, before deciding to stop.

The trends that we observe for interface in Table P.3 can also be demonstrated by close
examination of the corresponding (top) plots in Figure P.5. Close examination shows that

across varying mean depths per query, the general trends observed from Table P.3 hold

— BEGAREEG Gl and BN ICAWEYEE consistently offered poorer approximations than
S CAEIE ) which consistently offered the lowest MSE values.

Results over interface §\|DAR.N are different from those of interface . Examining Ta-

ble P.3, we observe that B3R vielded the best mean searcher stopping approx-
imation for BEEPE\ I NNCPY . Interestingly however, we find that the lowest MSE values
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IELICRERZE Additional results from the searcher comparison runs, reporting the mean depth per
query (DQ), the mean level of CG, and mean interactive precision (iP). These values were attained
using the configurations yielding the lowest MSE (refer to Table 9.3)), indicating the best approx-

imation to real-world stopping behaviours. We also include the mean real-world searcher values

(RW) over and B\I>:\o N for a direct comparison.

BEDORn e

RW 1439 2.36 2.47 1439 2.36 2.47 1439 2.36 2.47
14.67 214 1.41 13.68 2.16 1.41
SS2-NT 13.81 2.15 1.42 13.06 222 1.45
SS5-COMB 15.22 2.08 1.34 13.11 1.99 1.30

13.94 3.49 2.22 13.94 3.49 2.22 13.94 3.49 2.22

SS1-FIX 1289 255 1.66 9.61 1.84 1.20 13.06
SS2-NT 13.34 2.73 1.77 11.33 1.38 1335 2.78 1.84
SS5-COMB 1416  2.69 1.75 11.14  2.05 1.34 11.94

il0d SS1-FIX @24 ENtl SS5-COMB @21,5 WWSERYEICEI Ry Ais SERP Perfect [Sjatdg|

level stopping decision point implementation. This perhaps demonstrates that the change

Interface E

X

Condition [\ [»JN:\»]

in task goals (from time-limited for to find x for J\|DAEN) influences the FERD level
decision making of real-world searchers on average. Results show that under BEREREIE )
and EEREEIE0]:R searchers under J\|PAE\0R were better able to discern between poor and

high quality BERPS. We provide a discussion into this result in Section [[0.2.

Table P.4 also provides additional information on the comparison runs. The table reports
the mean depth per query (DQ), CG and interactive precision (iP) attained across each of

the SERD level stopping decision point implementations and result summary level stopping
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strategies, again over interface and condition §\[sEE.\R. To allow for easy compar-

ison, we also include the real-world mean depth per query, CQ and interactive precision

values (row RW) across the interface and condition examined.

Trends from Table P.4 show that as we tend from BEZRENENEE to B I GARAIETR

we generally observed a drop in the [CQ attained by the simulated searchers. Over inter-

face @PA for example, [CQ for BEPENINNCHEN dropped from 2.15 for B ZNAVENYEE to
1.98 for BSEPEINNCPAN for BSSAWEICIN. Unsurprisingly, we observed that under

S UCARE Al (T was generally higher than the other two SERD level stopping deci-

sion point implementations. Corresponding interactive precision rose and fell with the [CQG

attained — an intuitive result. As a reminder, results in Table P.4 demonstrate the levels
of [CQ and interactive precision attained using the configurations that yielded the lowest
MSE values. These were computed with respect to click depths. As such, these values do
not correspond to the maximum level of performance that could be attained; rather, they
demonstrate the best performance that would have been attained by a searcher had a given
result summary level stopping strategy been rigidly followed. From the RW values for in-
terface and we see that the simulated searcher [C§ and interactive precision

values fall below the real-world equivalents.

To conclude our analysis of the comparison runs, we performed a series of statistical tests
to demonstrate if significant differences in terms of approximations existed. Like our what-if
performance runs described in Section P.3.2 above, we considered the best-performing SERH
level stopping decision point implementation and result summary level stopping strategy
combination, comparing the MSE values attained there against the other two SERD level de-
cision point implementations. Given the closeness of each of the SERH level decision point
implementations, no significant differences were found over any combination of result sum-

mary level stopping strategy, or interface/condition. Therefore, results show that there is

supporting evidence for I op]
ings between interface and B[P0 R will receive further discussion in Section [[0.2.

albeit not statistically significant. Interesting find-
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*W:8 Chapter Summary

In this chapter, we conducted a series of simulations that empirically tested the [CSM|, com-
plete with the new SERDP level stopping decision point (as discussed in Section f.3.7] on

page [[13). We observed improvements in:

« IGENONM overall performance; and

= BEUEINOPR approximations to actual real-world searcher stopping behaviours.

Results were significantly improved in terms of overall [CQ attained between the upper-

bound B ARLEs el implementation (only examine a SERP if it appears to yield a high
scent), and the baseline §5]3:{NIWEYSH implementation (always examine a SERD, regard-

less of perceived quality). Improvements were consistent across our trialled interface and

condition, as well as across different result summary level stopping strategies. Our stochas-

ticimplementation, B34 {ANEWS, consistently ranked between our baseline and upper-

bound implementation.

Results pertaining to JAEINOPA were however not significant, with our findings differ-
ing across interface and condition @\|DAE:E. Over interface PM, we found that

the B AEIC W implementation consistently yielded the better approximations over

S = AT Cla i and 5] GAAIWEYAN — an intuitive result. Differences, as previously men-

tioned, were however very slight and not statistically significant — MSE approximations

varied in the region of ten units. Over condition J\[PEER, we found that B 21T e Te[S

and [S3ARETS Ela dll offered the best approximations — an interesting result. This suggests

that when task goals vary, a searcher’s behaviour with respect obtaining an initial impres-

sion of a SERH also varies.

Overall, we find that including the new FERP level stopping decision point ultimately leads

to better performing and more realistic simulations of interaction.

330









Future Work

M8 \|
2019-?

This final part of the thesis the
findings from this research, provides a

o[Nel[eJg) Of our results, and explores a
number of potential areas for N gzR"7elad.






Chapter 10
Discussion and

Future Work

The final chapter of this thesis summarises and discusses the results reported. In particular,
we emphasise on the impact of our findings on [R and [[IR research, discuss the limitations

of our work, and outline several potential future research directions.

10.1 RLESERIInInEIRY

In this thesis, we examined how stopping behaviours vary under different search contexts.

In particular, we conducted and reported on two user studies under the domain of news
search, examining how @ result summary lengths and @ a variation of search tasks, goals
and retrieval systems affected search behaviours. A total of eight different interfaces and

conditions were used to examine how behaviours vary — as summarised in Table [[0.]].

From the first user study reported in Chapter ], results showed that as result summary
lengths increased (from MEM—MEN), searchers became more confident in the decisions
they took pertaining to the relevance of documents encountered. However, this was not

reflected empirically; their accuracy in identifying relevant content did not improve with
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10.1 Thesis Summary

IELICREORE A summary table of the different experimental interfaces and conditions that were
trialled. These are based upon the work reported in Chapters [7 and [8. In total, eight differ-
ent experimental interfaces and conditioned were employed, considering different result summary

lengths, systems and tasks.

Title only m (Non Div.) J:\\0 M (Ad-hoc)
=l
P Title + 1 snippet m (Non Div.) /.ol (Ad-hoc)
B
6 Title + 2 snippets m (Non Div.) J:\\0 M (Ad-hoc)
Title + 4 snippets m (Non Div.) (Ad-hoc)
Title + 2 snippets n (Div.) AN (Aspectual)
<]
E ND-AS Title + 2 snippets m (Non Div.) (Aspectual)
g
6 m Title + 2 snippets ﬂ (Div.) (Ad-hoc)

ND-AD Title + 2 snippets m (Non Div.) PN (Ad-hoo)

longer summaries. In terms of stopping behaviours, a downward trend was observed. As
the length of summaries increased, subjects examined to shallower depths per query — an

intuitive result, given the increased examination times required for longer summaries.

Considering variations of tasks, goals and systems as reported in Chapter §, we found that

when using diversified system ﬂ (i.e. BM25 and XQuAD (Santos et al), 2010)), subjects

issued more queries, and stopped at comparatively shallower depths per query. This was
in comparison to the non-diversified system m (i.e. BM25 baseline), where subjects re-
ported feeling less confident about their decisions. Despite the significant differences we
observed regarding how the two systems performed, few significant differences were ob-
served when examining changes in searcher behaviours. Most subjects reported difficulty

in identifying differences in performance between the two systems.
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Analysis of interaction data from these user studies was then used to ground an extensive
set of simulations of interaction. These simulations were designed to test a total of twelve in-
dividual stopping strategies, derived from six different stopping heuristics! and the RBP
measure. Our approach to cataloguing these heuristics — together with the subsequent oper-
ationalisation of them into stopping strategies — provided an answer to Jiz|RI{ePA. We then
tested the overall performance and how closely the simulations matched up to real-world
searcher behaviours (across the eight experimental interfaces and conditions). In turn, this

allowed us to provide answers to both JRIKINOEER and EIBINOELN. The simulations were

modelled with the [Complex Searcher Model (CSM), a high-level, conceptual model of the

search process. By incorporating a new SERD level stopping decision point into the [CSM,

complete with subsequent empirical evaluation (as presented in Chapter f}), we could then
provide an answer to IRINONI.

Results show that when enabled, the new SERP stopping decision point led to significant
improvements over the baseline implementation, with consistent improvements in over-
all performance (measured in [CG) reported across a range of experimental conditions, in-
terfaces and stopping strategies. Improvements in approximations of real-world searcher
stopping behaviours were also achieved. However, statistical significance for these im-
provements was not obtained. Overall, these results provide compelling evidence to ad-
dress . The results also demonstrate a promising direction for future research in

developing our understanding of the search process.

With respect to our simulated analyses of individual stopping strategies, we found several
stopping strategies offered high levels of mean [CG, and good approximations toward actual
searcher stopping behaviours. For example, we found that with increased result summary
length, consistently offered the best performance. and
offered the best real-world searcher approximations. Furthermore, offered

the best level of [CG within the second user study, while BSYEIEVE offered the best level

IStopping heuristics for example considered a searcher’s tolerance to non-relevance, or their frustration
with observing non-relevant content (Kraft and Le¢, [979).
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of performance across condition J\|PAE.E. However, BENEIEVE and BRI H=ARIIY|S

yielded the lowest MSE values. Despite several strategies performing well, no single strat-
egy clearly emerged as offering significantly improved levels of performance or approxima-
tions when acting alone. On the contrary, several more complex stopping strategies offered
poorer performance, such as and . This was a common theme in our
results: simple and combination-based stopping strategies generally provided the highest
levels of performance. This includes the fixed-depth stopping strategy, which,

counter to our intuition, consistently performed well.

10.2

From the analysis of our simulations of interaction, a number of novel, interesting areas
of discussion were revealed. In this section, we discuss our findings with an emphasis on
examining the result summary level stopping strategies. In particular, our discussion is

guided by our four high-level research questions. We repeat these below.

= QSO X W How can we improve searcher models to incorporate different stopping

decision points?

LIRSV Given the stopping heuristics defined in the literature, how can we encode
these heuristics into a series of operationalised, programmable stopping strategies

that can be subsequently incorporated into the searcher model and be evaluated?

LIBINOXEN Given the aforementioned operationalised stopping strategies, how well

does each one perform?

IR NOkL W How closely do the operationalised stopping strategies compare to the

actual stopping behaviours of real-world searchers?
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With these research questions pertaining to the simulations of interaction (along with the
implemented stopping strategies), in-depth discussion of our user studies can be found in
Sections on page P14 and B.2.3 on page P78. However, we do briefly touch on sum-

marising statements relating to searcher behaviours in Section [[0.2.3.

(0O Searcher Models and Realism

Work in this thesis has reported advancements to modelling the [IR process — particularly
with the inclusion of the new SERH level stopping decision point. The inclusion of the new
stopping decision point led to significant improvements in terms of the level of CQ that

could be attained, together with improved approximations of real-world behaviours.

However, these significant improvements from the baseline (as reported in
Chapter [) were only achieved with the implementation. This is a limita-
tion, as the implementation relied upon access to the [REQ QRELs in order for the impres-
sion to be determined — although this implementation acted as a good upper bound. While
improvements in performance and approximations were noted with the
implementation, these changes did not achieve a significant level of improved performance.

We discuss this limitation of our simulations later in Section [[0.2.4.

Of course, attaining access to the gold standard is wholly unrealistic. However, the present
study demonstrates the maximum performance that can be reached with the inclusion of this
new stopping decision point. The observed improvements demonstrate that more realistic
simulations of interaction may be produced. With further work examining the proximal
cues that searchers observe when forming an initial impression of the SERD, incorporating
these findings into future models and simulations of the search process would arguably

make them even more realistic.
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'R Stopping Strategy Operationalisation

In general, findings across all interfaces and conditions demonstrated that simple stopping
strategies tended to yield better performance, and matched better with real-world searcher
stopping behaviours. Stopping strategies
and for example performed and approximated well. We consider these
to be simple in the sense that the stopping criterion that they each encoded was straight-
forward to implement and subsequently measure. Examples included the consideration of
aspects such as the number of non-relevant documents encountered, or the elapsed time

spent searching since a query was issued.

In contrast, findings also demonstrated that the more complex stopping strategies tended to
perform worse. They consistently offered poorer performance and approximations. Com-
plexity was again denoted by the criterion/criteria that were considered by each of the stop-
ping strategies, with more complex computations required in order to determine when
the simulated searcher should stop. Given these general findings, why did the more com-
plex stopping strategies perform and approximate worse on average? The present section of the
discussion focuses primarily on this question, considering the difference-based strategies

SR and BSEYADIAN the [FT-based strategy BEREHIAN, and the RBD-based strategy

SR PELETR. We also discuss the importance of more performant stopping strategies, such

EE] SS5-COMB Elel SS11-COMB §
i (IR oI YT ELE A Considering ISR and BSSYADIAE, we hypothesise

that the performance of issued queries may be having an effect on the way in which these

strategies perform. In other words, the stopping strategies may not be very robust to varying
levels of query performance. Recall that for our what-if performance runs, we employed
an interleaved querying strategy MOEYEN, where single and three term queries were in-

terleaved.Z From empirical evidence, it was shown that single term queries offered poor

ZRefer to Section p-4.2.2 on page [[64 for additional information on how the querying strategy was imple-
mented.
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Query Performance over Interfaces Query Performance vs. Lengths (All Interfaces)
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Plot demonstrating the performance of queries (P@10) across the four experi-
mental interfaces trialled in the user study we report on in Chapter [. On the right, a table high-
lights the varying levels of performance (averaged over all four experimental interfaces) in relation
to query term lengths. As query term length increases, so too does the mean P@10 score. Similar

findings were observed for the study reported in Chapter 8.

performance (in terms of P@k) when compared to three term queries — single term queries
offered higher levels of query ambiguity compared to the three term queries? As such,
using a fixed threshold across queries of varying performance would not necessarily make
sense. A low threshold for and would mean that searchers would stop
too early for single term queries, and examine to excessive depths for three term queries. A
higher threshold would mean that searchers would examine to excessive depths generally.
This means for example that a low threshold would be too stringent for single term queries,

and suggests that poor levels of gain would be achieved.

As such, we hypothesise that for stopping strategies based upon the difference-based heuris-
tic, thresholds should likely be query specific — perhaps dependent upon the length of the
query issued. Given queries issued by the real-world subjects in Chapter [, we also ob-
served a large variation in performance for the queries that were issued. We report this in

Figure [[0.1, with a plot showing the number of queries issued across each of the four in-

3For example, consider the queries ‘piracy’ and ‘piracy china sea'. The first single term query
returned a majority of documents pertaining to software piracy, along with piracy at sea. In contrast, the
three term query returned a majority of its matched documents to instances of piracy on the South China Sea,
relevant to the [TREQ piracy topic.
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terfaces, plotted against the performance of the queries. A table also provides evidence to
support our hypothesis, showing that as the number of terms in the queries increased, so
too did the mean level of query performance. Similar findings were observed in the user

study reported in Chapter 8.

ARG [ E A Next, we consider the poor performance and approximations af-

forded by . Evidence has shown that [FT| has been proven to be good at predicting
search behaviours (Ong et al), 2017; |Azzopardi et al}, 2018). In Section B.2.2.5 on page P74,
we demonstrated that our [FI}-based hypotheses matched closely to empirical evidence. So,
why did consistently offer poorer performance and approximations when com-
pared to more simplistic stopping strategies? We hypothesise that this comparative lack of
performance can be attributed to how the rate of gain was operationalised, which serves as
the stopping criterion for . This is an inherently difficult value to compute, with

limitations relating to the rate of gain considered from two angles:

@ the per-topic rate of gain; and

@ how the rate of gain is estimated by searchers in the first instance.

Considering point @ first, we note that the same gain stopping threshold values (for xg)
were trialled over all five topics in the reported simulations of interaction. Table p.J] on
page [40 demonstrated that the number of [[REQ relevant documents for each of the five
topics varies considerably. As such, one would expect that the computed rate of gain would
also vary considerably on a per-topic basis. This way, expectations of gain can be kept in
check —arate of gain threshold computed over a performant [[RE( topic with many relevant
documents would perform much worse under a topic for which it is much harder to find
relevant documents for (i.e. a comparatively smaller number of [RE( relevant documents).
This variation in the number of relevant documents over topics (amongst other factors, such
as the retrieval system used) is illustrated in Figure [[0.2. Using interface [P (left) and
condition J\[D AWM (right) over the two plots illustrate how performance varies
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Per-Topic Performance Differences: Considering SS3-NC

Interface MM Condition m
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RO Plots demonstrating the wide per-topic variance over the what-if performance
simulations. On the left, performance over interface is shown — ENIDEEDE is shown on
the right. Stopping strategy BEREEEIN@N is used for this demonstration. Similar observations were

observed across other interfaces, conditions and stopping strategies. Also Ballelilifss)iz¢M on the
left plot is the number of TREQ relevant documents for each topic. Note the general performance

improvement as the number of relevant documents increases for a topic.

across the five topics. We also note a general trend of higher performance for a topic in the

plots if a greater number of [[RE( relevant documents are present.

We also consider how the rate of gain is computed, as per point @. How do searchers estimate
a rate of gain threshold? This is a difficult question to answer, with further study required
to address this. However, one would be pressed to believe that from an initial impression
of a BERDP, a searcher would undertake a series of computations in their head to reach an
estimation for a rate of gain threshold value. It is much easier to believe that searchers
would rather employ a simpler stopping criterion in this instance, such as stopping after
observing k non-relevant result summaries (i.e. the frustration-based heuristic). This can be
simplified with the trivial example of an individual throwing a ball in the air, as illustrated
in Figure [0.3. It would be easier to believe that the ball thrower would think of how to

catch the ball in relation to how it is falling through the air, with feedback from their visual

343



10.2 Discussion

Calculate the Equations? Use Feedback to Judge?

Hl NI How would you catch a ball in the air? Would you consider all of the equations
required to work out when and where in space the ball will be for you to catch it, or would you rely

on your visual/proprioception systems to guide you? If you are human, it'll be the latter.

and proprioception systems. This is opposed to believing that the thrower of the ball may
catch it by calculating the equations relating to the physics of the falling ball to predict the

optimal point in space at which to intercept it.

However, even if we were able to provide better values for the rate of gain, would we see
improvements in real-world approximations? While [FT] says that we will, individuals may

be behaving in a suboptimal way. A body of literature in ecology suggests that when for-

aging for food in the wild, animals do behave in a suboptimal way. Janetos and Col¢ (1981)

and Krebs et al] (1983) state that animals may employ some rule of thumb that is less than

perfect, with an example cited as ‘take the largest thing you can eat’. This is some ways anal-

ogous to the more simplistic stopping strategies we trialled. Krebs et al! (1983) also argue

that these simplistic approaches are actually an optimisation within a wide number of con-
straints, such as sensory limitations. This may be true of searchers, too — with limited work-
ing memory, a more simplistic approach may, in reality, be the better, optimal choice even

though the theory may suggest otherwise.

GBS I (BT L) We also observed that the RBD-based stopping strat-

egy, also generally failed to provide a good approximation. Performance in the what-if sim-

ulations was generally significantly different from the best performing stopping strategies,
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although instances such as @PA did not demonstrate any significant difference. While
performance matchups might have been relatively good, the depths to which simulated
searchers examined content using this stopping strategy were weak to a considerable de-
gree. Refer to plot in Figure /.8 on page P32 for an example. Recall the patience
parameter p of RBP, that dictated how deep down a list of ranked results a searcher would
be prepared to go. The point at which the searcher would decide to stop was modelled
stochastically. In the real-world, searchers do not roll a dice to determine when to stop,
but rather rely upon some form of an intuitive informational cue, as have been previously
shown to affect search behaviours. However, it may also be the case that this way of repre-

senting human behaviour is also correct at times — humans can often behave irrationally.

(001 T Sl [o M (o T (=N =T (el EL S (ol T [s B A =L A Both the combination-based stopping

strategies BERERIOOIIEN and BRYNEIEOY:N performed and approximated searcher stop-

ping behaviours well. Formed of more simplistic stopping strategies (e.g. BEEPALNIN), re-
sults seem to suggest that searchers do not consider a single criterion when determining the

point at which they should stop examining results — an interesting finding.

This interesting conclusion can be corroborated by other recent studies. Work by
(2017a) used the Bejeweled Player Model (BPM) to model a searcher’s stopping be-

haviours, where they would stop when:

“helshe either has found sufficient useful information, or no more patience to continue.”

Zhang et al. (2017a)

Findings from this study demonstrated improvements in the correlations between searcher

satisfaction and existing [R evaluation measures. This was also corroborated in a recent

study by |Azzopardi et al] (2018). Central to this argument is the similarity of the BPM to

SREELEe)Y:R that considered a combination of the satiation (BEEEERAIN) and frustration
(BEEZENIN or BSRER[eN) stopping strategies. This provides evidence that empirically val-

idates the inclusion of both satiation and frustration-based stopping heuristics within the
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searcher model. The evidence is clearly showing that multiple criteria are being considered
when a stopping point is decided, and future work should consider the development of

measures that support both criteria.

LRV ERPENIG NI BTG Overall, a majority of stopping strategies performed well and

produced approximations that were very close to one another, with few significant dif-
ferences. One particularly surprising result was that of . The fixed-depth, non-
adaptive baseline approach consistently offered good performance and approximations.
This is counter-intuitive, as it would make sense for more adaptive strategies to offer im-
proved approximations. It is likely that different subjects would have employed different
stopping strategies, or a variety of different strategies depending upon the situation (i.e.
as demonstrated by ). In this regard, next steps should consider stopping
behaviours on an individual level. However, from the perspective of averaging over a pop-
ulation, many of the stopping strategies trialled, and when tuned appropriately (i.e. would
really be considered as realistic? It is unlikely!), offer good approxima-
tions and performance. This provides a rationale as to how the fixed depth strategies con-

sistently performed and approximated so well across our results.

10.2.3 BEEIOE R EVAl £

From the reported user studies, it is clear that the interfaces and conditions that we trialled
do affect the behaviours of searchers. In terms of stopping behaviours, we did observe
differences, but differences often were not significant. We hypothesise that due to the high
levels of variance that we observed, larger sample sizes over each study would be required

in order to tease out significant differences and to provide data for further examination.

Understanding stopping behaviours is difficult. What findings from our studies do sug-
gest is that variations in interfaces, tasks, goals and systems do impact upon performance.

For example, as we increased result summary lengths, stopping depths became shallower
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(i.e. from @IV —>). More extreme interfaces and conditions would likely amplify the
effect. Factors such as how the prior topic knowledge that a subject possesses were also not

considered, and would likely play a role in stopping behaviours.

(o N:W Simulations of Interaction

In this thesis, we have presented significant advancements in terms of modelling and under-
standing the [IR process. We developed an extensive framework that allowed us to change
components of the underlying [CSM. Given this framework, we could then formulate the
search problem more precisely, and explore the impact that each of the component vari-
ations had on the wider search process. As components were changed, we were able to
demonstrate improvements in the approximations of human searcher behaviours. Given
the limitations of our user studies with the risk of an insufficient amount of interaction data,

simulations of interaction allowed us to generate more data at a much lower cost.

One particularly novel contribution concerning the simulations of interaction was address-
ing the issue of comparing results across different configurations. Being stochastic in na-
ture, the simulations relied upon the roll of a dice to determine whether a simulated searcher
would click on a result summary link (if deemed sufficiently attractive to warrant further
examination), or save a document as relevant (if deemed relevant to the given information
need). These were grounded on the [RE( relevance judgements and interaction probabili-
ties extracted from the user studies. Across different configurations however, outcomes of
the dice roll would have resulted in different decisions being taken — which in turn ensured

that when examining two configurations, their outcomes would not be comparable.

Section p.4.2.3 on page [[67 outlined a pre-rolled judgements technique that rolled the dice
a priori 50 times, with 50 being the number of trials that were run per configuration. This
then meant that during the simulations, the decision maker components of the SimlIR frame-

work essentially became deterministic, extracting the judgement for a particular trial from
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a pre-rolled action judgement file. In turn, this addressed the issue of comparability between
different configurations. With the same judgements, comparisons became fairer. Of course,
a larger number of trials would always be more desirable as a means of teasing out further

differences that perhaps would otherwise not have been observed.

We also note limitations of the approach taken in conducting our simulations of interac-
tion. Most notably, we considered the most optimistic outcome at several points in our simu-
lations, mainly pertaining to the perceived quality of a SERD. A prime example of this was
highlighted in Section [0.2.1], with the SERP level stopping decision point
implementation highlighted as the implementation yielding significant improvements in

performance, yet attaining this with access to TREQ QREL judgements.

A further example of this approach was demonstrated with combination stopping strat-

egy . Similar to the FERP level stopping decision point, this strategy took
an initial impression of a presented FERP, and used this impression to select an appro-
priate constituent stopping strategy — with either for a BERD yielding relevant
documents early in the rankings, or for a BERD of dubious quality. Un-

der these conditions, such strategies do intuitively make sense. However, the decision was
again made with access to [REQ QRELs — P@1 was used to determine if the SERH yielded
relevant content at shallow ranks. If, for example, a stochastic approach were to be imple-
mented in determining what stopping strategy to employ, it may mean that even better

approximations of real-world searcher behaviours could be achieved.

([O®W Future Research Directions

From the summary and discussion of our empirical results, a number of potential avenues
for future work may be considered. In this section, we consider: how to improve the realism
of simulations of interaction further; stopping heuristics and strategies; simulation trials

and topics; and the modelling of stopping from the level of individual searchers.
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(OB Improving Simulation Realism

In this thesis, we presented the [CSM, a high-level, conceptual searcher model. It encapsu-
lates many of the different activities and decision points that searchers would contend with
across informational search tasks. With the inclusion of the new SERD level stopping deci-
sion point, improvements were made to the realism of the simulations that were executed
with the CSM. However, what changes could we subsequently make to the and related in-

frastructure in future work that would aid in advancing the realism of these simulations further?

As illustrated below, we consider this open question from three main research strands.
=P (o), #®
A 2 Conceptual Modelling (C’R) :

Tool Switching Q
f' T esits Fegnoor Rl (C\N’

Gla s
QQ 1 Contextual and Cognitive — h“psuww 9 fG\aSgow

Stopping Strategy Selection

(01| QAIE | KT [ KOG [N Our first strand considers contextual and cognitive factors. All

experimentation in this thesis was conducted under the domain of news search, with sub-

jects of the user studies asked to imagine that they were newspaper reporters, having being
given a task to find documents that they thought were relevant to a particular topic. How-
ever, this scenario is very specific. If we performed studies with the same methodology, but
under a different search context, would we find similar results? Arguably, behaviours will
change — general web search and a detailed examination of content under the context we
employed will result in different outcomes, for example. Different tasks can also be con-
sidered. Aspectual and ad-hoc tasks were considered as we believed they would offer the
greatest difference in terms of stopping behaviours. Would other retrieval tasks offer even

bigger differences in terms of searcher behaviours?

Other factors such as the location at which the search is undertaken, the device upon which

the search is undertaken and other external pressures will also undoubtedly influence the
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outcome of the results obtained. Crowdsourced subjects whose behaviours are reported
in this thesis conducted our experiments on a desktop or laptop computer. They were in-
structed to be in a comfortable, quiet location, free from major distractions. In reality, indi-
viduals are less likely to search in such conditions. Perhaps time pressures would influence
their behaviours — a student under pressure to finish a draft of her paper will behave differ-
ently to one who is not under the same pressure. With the proliferation of mobile devices
such as smartphones, searching on such devices must also be considered. A recent study
by Ong et all (2017) demonstrated that search behaviours, for example, do differ between

individuals using desktop computers and smartphones.

Much work remains to determine how we can try to understand and subsequently model
the cognitive processes and factors that influence how individuals behave when searching.
Individuals are products of their prior experiences, and are therefore unique; behaviours
will undoubtedly differ from person to person. Within the modelling process, novel tech-
niques can be applied that could possibly improve the realism of simulations. For example,
within the SimlIR framework, the search context component tracks a list of queries issued,
documents examined (and saved), along with other measures. Could this component be
manipulated in such a way as to better mimic the behaviours of a human? Rather than
maintaining a perfect list of everything that has been examined, a simulated searcher could
be programmed to become ‘forgetful” in remembering what they have examined, with cues
within a document reminding them that they previously examined it. Other factors, such
as prior topic knowledge (as alluded to in Section [[0.2.3) ought to be considered, as such

aspects would likely impact upon the stopping behaviours of searchers.

As alluded to in Chapter B, further work could also be undertaken in relation to the decision
making components of the SimlIR framework. This work would consider how simulated
searchers would judge the attractiveness of result summaries and relevance of documents
to a given topic. Decision makers were implemented primarily with ad-hoc retrieval in

mind, considering only the probability of clicking or saving with respect to the [REQ

Relevance Judgement (QREL) judgement. For aspectual retrieval tasks, further work would
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consider whether the result summary or document contains a discussion of new entities for

the topic, such as a previously unseen species of animal.

(O] [LIITEINV LN We next consider a number of further enhancements to the [CSM

that could improve the realism of simulations further. Examples in the illustration above
consider potential areas for future improvement. One such example, tool switching, (demon-
strated by [homas et al] (2014)) would be considered at the beginning of the search process.
It would enable a searcher to determine what tool (or retrieval system) would be better
suited to help them satisfy their information need. This is opposed to the current [CSM as
presented in this thesis that assumes a retrieval system has been selected a priori. A study
by White and Dumais (2009) has shown that predicting tool switching is feasible. They
reported that sufficiently consistent behaviours exhibited by searchers in relation to this

phenomenon led to accurate predictions of tool switching events.

Results pagination is also listed in the illustration above. Here, a simulated searcher will be
presented with BERPS that are split across a number of different pages, rather than exam-
ining a continuous ranked list of results. This would involve the notion of extracting ad-
ditional grounding data from interaction logs, perhaps such as the likelihood of a searcher
continuing to the next SERP page. This would likely impact upon the realism of simula-
tions, as a study by Jansen and Spink (2005) showed a sharp decrease in content examined
after the first page of results. Further examination of modelling stopping behaviours within

the [CSM is also considered; refer to Section [[0.3.2 for further details.

Syl E TR ML= ) () d (el Decisions pertaining to the attractiveness of result summaries

and the relevance of documents within our simulations of interaction were determined
stochastically, or by a roll of the dice. While a simplifying assumption that has been used
in many other studies employing simulations of interaction, this is an unrealistic approach.
If implemented correctly, a more deterministic solution would offer more realistic simula-
tions, where simulated searchers would be able to learn as they traverse through content,

improving their decision making abilities based upon the content observed, rather than the
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outcome of a roll of a dice. Advancements in understanding the information triage process
would undoubtedly lead to improved realism. In addition, the inclusion of variable interac-

tion costs would also benefit the realism of future simulations.?

Lo Stopping Heuristics and Strategies

In this thesis, we considered a total of twelve different stopping strategies, operationalised
from a total of seven different stopping heuristics. We showed how each of the different
strategies perform over a number of different experimental interfaces and conditions. Dur-
ing the methodological design stage, it became apparent that approaches taken for the op-
erationalisation of our stopping strategies were just one of many. What if we implemented
our stopping strategies in different ways? Why did we select these strategies? Here, we consider

these questions with insight into what might happen if they were to be addressed.

S 1o oI BB ITG T NI N Following on with the theme of improving the underlying [CSM,

additional stopping decision points could be included. These would provide searchers sub-
scribing to the [CSM with greater flexibility regarding when they stop examining content.
Additional stopping decision points could, for example, include one for tool switching. In
this example, as we discussed earlier, a searcher, after spending some period of time on one
retrieval system, could decide to stop using it after certain criteria are met. After this point
has been reached, they will then switch to a different retrieval system. A further interesting
research question would be whether the result summary level stopping strategies trialled
in this thesis would work at different stopping decision points. For example, at a session
level, would these strategies make sense? Would using them at that decision point lead to

a better matchup with real-world stopping behaviours?

o]0l o] [ B LTSI TGO ) From here, we can also consider a further decision point

that could be encoded within the [CSM|. Inspired by BEEyREL®OIYI:8 consideration must be

4As discussed previously in this thesis, time-biased gain (Smucker and Clarke, 2012) is an example of such
an approach.
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taken into deciding why and when a particular stopping strategy could be employed. As
we demonstrated in Figure p.3 on page AR EIEe]V: 8 employs both the frustration
and give-up time-based stopping heuristics — but not at the same time. Rather, a decision
is made pertaining to the quality of the presented BERP (much like the SERD level stop-
ping decision point). The outcome of this decision then dictates what stopping strategy is
employed for the remainder of the query. Further refinements to this approach could, for
example, include additional stopping strategies and a wider range of conditions for em-
ploying them. Empirical evidence could be extracted from interaction logs to determine if,

under certain circumstances, searchers would favour one approach over another.

Sy ]o] oI [ BT LT WA E L ENIEEW O An open question arising from the work in this the-

sis considers: how do you operationalise the stopping heuristics? Clearly, from the outline of the
twelve stopping strategies in Chapter § on page [2]] (and implementation methodology in
Section on page [[73), there are a large number of different ways in which the stop-
ping strategies can be implemented. While we provided a means and justification for the
approaches that we took in this thesis, we have reason to believe that some of the stopping
strategies — especially and — performed poorly, perhaps
because of our implementations (refer to Section [[0.2.2). For example, the rate of gain for
could have been computed on a per topic basis. Further work will be required in

order to determine if different implementations would lead to performance improvements.

O]y (e L1 lp [e PUNe Lo N[ EL R L I R SN[ Of course, the seven stopping heuristics that

we considered do not constitute the entirety of the heuristics defined in the literature. We
selected these heuristics as they offered interesting differences between one another, were
relatively straightforward to implement, and would likely be discernible across complex
informational search tasks (though this was not necessarily proved). Unused heuristics
such as the mental list heuristic (considering different criteria that must be met, as outlined
by (1995) and detailed in Section B.Z.2.3 on page B7) would have been much more
challenging to operationalise and implement — and even so, would such a heuristic be suit-

able for the task at hand? The ability for a searcher to create a series of bullet points about a
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topic would imply he or she has some sound idea of their objective. The searcher’s knowl-
edge of a topic may be so limited that such a heuristic would be unsuitable. Linking back
to contextual factors above, considering additional search contexts (perhaps with searchers

of astute and limited knowledge of a topic) would be interesting to examine.

1 [VETCHETATEN R NEERTEEN Given the above, findings from this research provide motiva-

tion for further work considering the inclusion of stopping heuristics within the measures

that are used within [ research. For example, stopping strategy BEEEE®0]:N demon-

strated good overall and performance considering a searcher’s satisfaction and tolerance

toward non-relevant material. This has also been shown in the BPM (Zhang et al}, 20174d).

L[ORCRCH Simulation Trials and Topics

We also consider future work in terms of how the simulations of interaction could be run.
While 50 trials were selected because of the fact that approximately 50 subjects partook in
each user study, there are likely trends and significant differences that exist that we simply
did not observe because of a lack of experimental power. This limitation was also imposed
with an insufficient amount of processing power to complete the experiments in a reason-
able timeframe B With more powerful computer hardware, scaling up the experiments with

more trials would have become a more realistic prospect.

We also consider using five topics for our performance (what-if) experiments to be a limiting
factor. While the decision to use five topics was justified due to a lack of data (considering
entities across the remaining 45 topics in Chapter §) — and to ensure that comparisons be-
tween interfaces and conditions were fair — 50 topics would have been preferred (refer to
Figure [[0.2). If (aspectual) data were available for the remaining 45 topics, we could then
trial additional performance runs, which may also lead to the observation of other trends

and potential significant differences.

>Using the experimental setup detailed in this thesis, all simulations of interaction took approximately 38
days of processing time.
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(oW W Individual Searcher Stopping Behaviours

Our final consideration for future work revolves around the notion of individual searcher
stopping behaviours. In this thesis, we considered searcher stopping behaviours, reported
across ~ 50 subjects, over each interface and condition that was trialled. This provided us
with a rough approximation as to what strategies work best, with similar findings reported
across interfaces and conditions. However, research has shown that individual searcher
behaviours may differ to a significant degree. If we considered individual searchers, what
trends would we then observe? We may see a decrease in how well the fixed depth stopping
strategy fares, given that we hypothesised in Section p.1 on page that such
an approach would work well on average. If we examined behaviours on a per-searcher

basis (or even at a session level), how would the strategy then fare?

Examining behaviours on a per-searcher level will avoid watering down results through av-
eraging over a particular cohort, exposing more interesting results. For example, could we
perform a classification of searcher stopping behaviours? Such an approach was followed,

for example, by Smucker| (2011)), who devised a classification of searchers when examining

documents — with searchers being categorised into one of either fast and liberal or slow and
neutral. This is undoubtedly one key area of future work that we must consider in order to

develop a deeper understanding of the stopping behaviours that searchers employ.

10.4 GHLEIRERERS

Stopping during the search process is a difficult phenomenon to understand and model
effectively. A wide range of different factors influence the internal decision-making process
of searchers. We have shown in this thesis that a number of simple stopping strategies can
offer improved performance and approximations of real-world searcher behaviours. We

also provide novel evidence to motivate the fact that multiple stopping criteria need to be
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considered in the development of future [R evaluation measures, along with the inclusion of
additional stopping decision points to improve the realism of future searcher models. The
development of the [CSM has also been positive, with a solid baseline provided for future

work in developing ever more realistic simulations of interaction.

Despite the inherently difficult task that understanding and modelling stopping behaviours
represent, we believe that the potential benefits of further exploration in this area will un-

doubtedly aid the searchers and researchers of future retrieval systems.

356









Bibliography

Ageev, M., Lagun, D., and Agichtein, E. (2013). Improving search result summaries by
using searcher behavior data. In Proceedings of the 35" ACM SIGIR, pages 13-22.

Agosto, D. E. (2002). Bounded rationality and satisficing in young people’s web-based de-

cision making. Journal of the Association for Information Science and Technology, 53(1):16-27.

Ali, H., Scholer, F., Thom, J. A., and Wu, M. (2009). User interaction with novel web search
interfaces. In Proceedings of the 215 OZCHI, pages 301-304.

Ashkan, A., Clarke, C. L., Agichtein, E., and Guo, Q. (2009). Classifying and characterizing
query intent. In Proceedings of the 315" ECIR, pages 578-586.

Athukorala, K., Oulasvirta, A., Glowacka, D., Vreeken, J., and Jacucci, G. (2014). Narrow or
broad?: Estimating subjective specificity in exploratory search. In Proceedings of the 23™

ACM CIKM, pages 819-828.

Azzopardi, L. (2009). Query side evaluation: An empirical analysis of effectiveness and

effort. In Proceedings of the 32" ACM SIGIR, pages 556-563.

Azzopardi, L. (2011). The economics in interactive information retrieval. In Proceedings of

the 34" ACM SIGIR, pages 15-24.

Azzopardi, L., de Rijke, M., and Balog, K. (2007). Building simulated queries for known-
item topics: An analysis using six European anguages. In Proceedings of the 30" ACM

SIGIR, pages 455-462.

359



Azzopardi, L., Jarvelin, K., Kamps, J., and Smucker, M. D. (2011). Report on the SIGIR 2010

workshop on the simulation of interaction. SIGIR Forum, 44(2):35-47.

Azzopardi, L., Kelly, D., and Brennan, K. (2013). How query cost affects search behavior.
In Proceedings of the 36" ACM SIGIR, pages 23-32.

Azzopardi, L., Thomas, P., and Craswell, N. (2018). Measuring the utility of search engine
result pages: An information foraging based measure. In Proceedings of the 4158 ACM

SIGIR, pages 605-614.

Azzopardi, L. and Vinay, V. (2008). Retrievability: An evaluation measure for higher order
information access tasks. In Proceedings of the 17" ACM CIKM, pages 561-570.

Azzopardi, L. and Zuccon, G. (2015). An analysis of theories of search and search behavior.

In Proceedings of the 18 ACM ICTIR, pages 81-90.

Baillie, M., Azzopardi, L., and Crestani, F. (2006). Adaptive query-based sampling of dis-
tributed collections. In Proceedings of the 13" SPIRE, pages 316-328.

Banks, J., Carson, J., and Nelson, B. (1996). Discrete-event System Simulation. Prentice-Hall

international series in industrial and systems engineering. Prentice Hall.

Baron, J., Beattie, J., and Hershey, J. C. (1988). Heuristics and biases in diagnostic reasoning:
II. Congruence, information, and certainty. Organizational Behavior and Human Decision

Processes, 42(1):88-110.

Bartlett, F. C. and Burt, C. (1933). Remembering: A study in experimental and social psy-
chology. British Journal of Educational Psychology, 3(2):187-192.

Baskaya, F., Keskustalo, H., and Jarvelin, K. (2012). Time drives interaction: Simulating
sessions in diverse searching environments. In Proceedings of the 35" ACM SIGIR, pages

105-114.

Baskaya, F., Keskustalo, H., and Jarvelin, K. (2013). Modeling behavioral factors in interac-
tive information retrieval. In Proceedings of the 22" ACM CIKM, pages 2297-2302.

360



Bast, H. and Celikik, M. (2014). Efficient index-based snippet generation. ACM Transactions
on Information Systems, 32(2):6:1-6:24.

Bates, M. (1984). The fallacy of the perfect thirty-item online search. RQ, 24(1):pp. 43-50.

Bates, M. J. (1989a). The design of browsing and berrypicking techniques for the online

search interface. Online Information Review, 13(5):407-424.

Bates, M. J. (1989b). Training and education for online. chapter Information Search Tactics,

pages 96-105. Taylor Graham Publishing.

Belkin, N. (1980). Anomalous states of knowledge as a basis for information retrieval. In

Canadian Journal of Information Science, volume 5, pages 133-143.

Benov, D. M. (2016). The manhattan project, the first electronic computer and the monte

carlo method. Monte Carlo Methods and Applications, 22(1):73-79.

Benson, P. G,, Curley, S. P., and Smith, G. F. (1995). Belief assessment: An underdeveloped
phase of probability elicitation. Management Science, 41(10):1639-1653.

Berners-Lee, T., Dimitroyannis, D., Mallinckrodt, A.J., McKay, S., et al. (1994). World wide
web. Computers in Physics, 8(3):298-299.

Berryman, J. (2006). What defines “enough” information? how policy workers make judge-
ments and decisions during information seeking: Preliminary results from an exploratory

study. Information Research: An International Electronic Journal, 11(4):4.
Boole, G. (1847). The Mathematical Analysis of Logic. Philosophical Library.

Borlund, P. (2000). Evaluation of interactive information retrieval systems. Unpublished

doctoral dissertation, Abo Akademi University.

Borlund, P. (2003). The IIR evaluation model: A framework for evaluation of interactive

information retrieval systems. Information Research, 8(5).

361



Borlund, P. and Schneider, J. W. (2010). Reconsideration of the simulated work task situa-
tion: A context instrument for evaluation of information retrieval interaction. In Proceed-

ings of the 3" I1iX, pages 155-164.

Browne, G. J. and Pitts, M. G. (2004). Stopping rule use during information search in design

problems. Organizational Behavior and Human Decision Processes, 95(2):208 — 224.

Browne, G. ], Pitts, M. G., and Wetherbe, J. C. (2005). Stopping rule use during web-based
search. In Proceedings of the 38th HICSS, pages 271b-271b.

Brutlag, J. (2009). Speed matters for Google Web Search. http://goo.gl/t7qGN8 (re-
trieved on March 14, 2018).

Busemeyer, J. R. (1982). Choice behavior in a sequential decision-making task. Organiza-

tional Behavior and Human Performance, 29(2):175 — 207.

Busemeyer, J. R. and Rapoport, A. (1988). Psychological models of deferred decision mak-
ing. Journal of Mathematical Psychology, 32(2):91-134.

Callan, J., Allan, J., Clarke, C. L. A., Dumais, S., Evans, D. A., Sanderson, M., and Zhai, C.
(2007). Meeting of the minds: An information retrieval research agenda. SIGIR Forum,

41(2):25-34.

Card, S., Pirolli, P., Van Der Wege, M., Morrison, J., Reeder, R., Schraedley, P., and Boshart,
J. (2001). Information scent as a driver of web behavior graphs: Results of a protocol

analysis method for web usability. In Proceedings of the 19"" ACM CHI, pages 498-505.

Carr, N. (2008). Is google making us stupid? Yearbook of the National Society for the Study of
Education, 107(2):89-94.

Carterette, B. (2011). System effectiveness, user models, and user utility: A conceptual

framework for investigation. In Proceedings of the 34" ACM SIGIR, pages 903-912.

Carterette, B., Bah, A., and Zengin, M. (2015). Dynamic test collections for retrieval evalua-

tion. In Proceedings of the 5" ACM ICTIR, pages 91-100.

362


http://goo.gl/t7qGN8

Carterette, B., Kanoulas, E., and Yilmaz, E. (2011). Simulating simple user behavior for

system effectiveness evaluation. In Proceedings of the 20" ACM CIKM, pages 611-620.

Chapelle, O., Metlzer, D., Zhang, Y., and Grinspan, P. (2009). Expected reciprocal rank for
graded relevance. In Proceedings of the 18" ACM CIKM, pages 621-630.

Charles-Dominique, P. and Martin, R. (1972). Behaviour and Ecology of Nocturnal Prosimians:
Field Studies in Gabon and Madagascar. Advances in ethology. P. Parey.

Charnov, E. (1976). Optimal foraging, the Marginal Value Theorem. Theoretical Population
Biology, 9(2):129-136.

Chen, D., Chen, W., Wang, H., Chen, Z., and Yang, Q. (2012). Beyond ten blue links: En-
abling user click modeling in federated web search. In Proceedings of the 5" ACM WSDM,
pages 463—472.

Chen, H. and Dumais, S. (2000). Bringing order to the web: Automatically categorizing
search results. In Proceedings of the 18" ACM CHI, pages 145-152.

Chen, M. C., Anderson, J. R., and Sohn, M. H. (2001). What can a mouse cursor tell us more?:
Correlation of eye/mouse movements on web browsing. In Proceedings of the 19" ACM

CHI Extended Abstracts, pages 281-282.

Chen, P. P.-S. (1976). The entity-relationship model — toward a unified view of data. ACM

Transactions on Database Systems, 1(1):9-36.

Chi, E. H., Pirolli, P., Chen, K., and Pitkow, J. (2001). Using information scent to model
user information needs and actions and the web. In Proceedings of the 19" ACM CHI 2001,

pages 490-497.

Chierichetti, F., Kumar, R., and Raghavan, P. (2011). Optimizing two-dimensional search
results presentation. In Proceedings of the 4" ACM WSDM, pages 257-266.

Chuklin, A., Markov, L., and de Rijke, M. (2015). Click Models for Web Search. Morgan &

Claypool.

363



Chuklin, A. and Serdyukov, P. (2012). Good abandonments in factoid queries. In Proceedings
of the 218 WWW, pages 483-484.

Clarke, C. L., Kolla, M., Cormack, G. V., Vechtomova, O., Ashkan, A., Biittcher, S., and
MacKinnon, I. (2008). Novelty and diversity in information retrieval evaluation. In Pro-

ceedings of the 318 ACM SIGIR, pages 659-666.

Clarke, C. L. A., Agichtein, E., Dumais, S., and White, R. W. (2007). The influence of caption
features on clickthrough patterns in web search. In Proceedings of the 30" ACM SIGIR,
pages 135-142.

Cleverdon, C., Mills, J., and Keen, M. (1966). Factors Determining the Performance of Indexing

Systems, volume 1:2 of Factors Determining the Performance of Indexing Systems.

Cleverdon, C. W. (1991). The significance of the cranfield tests on index languages. In
Proceedings of the 14" ACM SIGIR, pages 3-12.

Collins-Thompson, K., Callan, J., Terra, E., and Clarke, C. L. (2004). The effect of document
retrieval quality on factoid question answering performance. In Proceedings of the 27

ACM SIGIR, pages 574-575.

Collins-Thompson, K., Hansen, P., and Hauff, C. (2017). Search as learning (dagstuhl sem-
inar 17092). In Dagstuhl Reports, volume 7.

Cooper, W. (1971). A definition of relevance for information retrieval. Information Storage

and Retrieval, 7(1):19-37.

Cooper, W. S. (1968). Expected search length: A single measure of retrieval effectiveness
based on the weak ordering action of retrieval systems. American Documentation, 19(1):30—

41.

Cooper, W. S. (1973a). On selecting a measure of retrieval effectiveness. Journal of the Amer-

ican Society for Information Science, 24(2):87-100.

364



Cooper, W. S. (1973b). On selecting a measure of retrieval effectiveness part ii. implementa-

tion of the philosophy. Journal of the American Society for Information Science, 24(6):413-424.

Craswell, N., Zoeter, O., Taylor, M., and Ramsey, B. (2008). An experimental comparison
of click position-bias models. In Proceedings of the 18 ACM WSDM 2008, pages 87-94.

Crescenzi, A., Capra, R., and Arguello, ]J. (2013). Time pressure, user satisfaction and task

difficulty. In Proceedings of the 76" ASIS&T.

Crescenzi, A., Kelly, D., and Azzopardi, L. (2016). Impacts of time constraints and system

delays on user experience. In Proceedings of the 158 ACM CHIIR, pages 141-150.

Croft, B., Metzler, D., and Strohman, T. (2009). Search Engines: Information Retrieval in Prac-

tice. Addison-Wesley Publishing Company, USA.

Cutrell, E. and Guan, Z. (2007). What are you looking for?: An eye-tracking study of infor-
mation usage in web search. In Proceedings of the 25" ACM CHI, pages 407-416.

Cutts, Q., Connor, R., Michaelson, G., and Donaldson, P. (2014). Code or (not code): Sep-
arating formal and natural language in cs education. In Proceedings of the 9" WiPSCE,

pages 20-28.

Das Sarma, A., Gollapudi, S., and Ieong, S. (2008). Bypass rates: Reducing query abandon-
ment using negative inferences. In Proceedings of the 14" ACM KDD, pages 177-185.

Dewey, M. (1891). Decimal classification and relative index for libraries, clippings, notes,

etc. 240(41):407-593.

Diriye, A., White, R., Buscher, G., and Dumais, S. (2012). Leaving so soon?: Understanding
and predicting web search abandonment rationales. In Proceedings of the 215 ACM CIKM,
pages 1025-1034.

Dolamic, L. and Savoy, J. (2010). When stopword lists make the difference. Journal of the
Association for Information Science and Technology, 61(1):200-203.

365



Dostert, M. and Kelly, D. (2009). Users” stopping behaviors and estimates of recall. In
Proceedings of the 32" ACM SIGIR, pages 820-821.

Dumais, S., Cutrell, E., and Chen, H. (2001). Optimizing search by showing results in con-
text. In Proceedings of the 19" ACM CHI, pages 277-284.

Edwards, A., Kelly, D., and Azzopardi, L. (2015). The impact of query interface design on
stress, workload and performance. In Proceedings of the 37" ECIR, pages 691-702.

Efthimiadis, E. N. (2000). Interactive query expansion: A user-based evaluation in a rel-
evance feedback environment. Journal of the American Society for Information Science,

51(11):989-1003.

Eliot, S. and Rose, J. (2009). A Companion to the History of the Book. Blackwell Companions

to Literature and Culture. John Wiley & Sons.

Farquhar, P. H. and Pratkanis, A. R. (1993). Decision structuring with phantom alternatives.
Management Science, 39(10):1214-1226.

Feild, H., Jones, R., Miller, R., Nayak, R., Churchill, E., and Velipasaoglu, E. (2010). Logging
the search self-efficacy of amazon mechanical turkers. In Proceedings of the CSE SIGIR
Workshop, pages 27-30.

Fischhoff, B. (1977). Cost benefit analysis and the art of motorcycle maintenance. Policy
Sciences, 8(2):177-202.

Fischhoff, B., Slovic, P., and Lichtenstein, S. (1978). Fault trees: Sensitivity of estimated
failure probabilities to problem representation. Journal of Experimental Psychology: Human

Perception and Performance, 4(2):330.

Fishwick, P. A. (1995). Computer simulation: The art and science of digital world construc-

tion. Technical report, University of Florida.
Fox, C. (1992). Information retrieval. chapter Lexical Analysis and Stoplists, pages 102-130.

366



Francis, W. and Kucera, H. (1979). Manual of Information to Accompany A Standard Corpus
of Present-day Edited American English, for Use with Digital Computers. Brown University,

Department of Lingustics.

Francis, W. and Kucera, H. (1985). Frequency analysis of english usage: Lexicon and gram-

mar. Journal of English Linguistics, 18(1):64-70.

Fuhr, N. (2008). A probability ranking principle for interactive information retrieval. Infor-

mation Retrieval, 11(3):251-265.

Fuhr, N. and Lalmas, M. (2006). Advances in xml retrieval: The inex initiative. In Proceedings

of IWRIDL, page 16.

Gettys, C. F. and Fisher, S. (1979). Hypothesis plausibility and hypothesis generation. Or-

ganizational Behavior and Human Performance, 24(1):93-110.

Gibb, J. A. (1958). Predation by tits and squirrels on the eucosmid ernarmonia conicolana

(heyl.). Journal of Animal Ecology, 27(2):375-396.

Gigerenzer, G. and Goldstein, D. G. (1999). Betting on one good reason: The take the best

heuristic. In Simple heuristics that make us smart, pages 75-95. Oxford University Press.
Green, R. (1984). Stopping rules for optimal foragers. The American Naturalist, 123(1):30-43.

Guo, F,, Liu, C, Kannan, A., Minka, T., Taylor, M., Wang, Y., and Faloutsos, C. (2009). Click
chain model in web search. In Proceedings of the 18" WWW, pages 11-20.

Hagen, M., Michel, M., and Stein, B. (2015). What was the query? generating queries for
document sets with applications in cluster labeling. In Natural Language Processing and

Information Systems, pages 124-133.

Hagen, M., Michel, M., and Stein, B. (2016). Simulating ideal and average users. In Proceed-
ings of the 12" AIRS, pages 138-154.

Harman, D. (1993). Overview of the first trec conference. In Proceedings of the 16" ACM
SIGIR, SIGIR "93, pages 36—47.

367



Harman, D. (2010). TIs the cranfield paradigm outdated? In Proceedings of the 33 ACM
SIGIR, page 1.

Harper, D. J. and Kelly, D. (2006). Contextual relevance feedback. In Proceedings of the 1
ACM IIiX, pages 129-137.

Harrower, M. and Brewer, C. A. (2003). Colorbrewer.org: an online tool for selecting colour

schemes for maps. The Cartographic Journal, 40(1):27-37.

Harvey, M. and Pointon, M. (2017). Searching on the go: the effects of fragmented attention
on mobile web search tasks. In Proceedings of the 40" ACM SIGIR, pages 155-164.

Hassan, A., Shi, X., Craswell, N., and Ramsey, B. (2013). Beyond clicks: Query reformula-
tion as a predictor of search satisfaction. In Proceedings of the 22"* CIKM, pages 2019-2028.

Hassan, A. and White, R. (2013). Personalized models of search satisfaction. In Proceedings

of the 22" ACM CIKM, pages 2009-2018.

He, J., Duboue, P., and Nie, J.-Y. (2012). Bridging the gap between intrinsic and perceived
relevance in snippet generation. In Proceedings of COLING 2012, pages 1129-1146.

Hearst, M. (2009). Search user interfaces. Cambridge University Press.

Hearst, M. A. (1995). Tilebars: Visualization of term distribution information in full text

information access. In Proceedings of the 13" ACM SIGCHI, pages 59-66.

Hearst, M. A. (1997). Texttiling: Segmenting text into multi-paragraph subtopic passages.
Comput. Linguist., 23(1):33-64.

Heermann, D. W. (1990). Computer-Simulation Methods, pages 8-12.

Heine, M. D. (1981). Simulation, and simulation experiments. In Sparck Jones, K., editor,

Information Retrieval Experiments, pages 197-198. Butterworth-Heinemann.
Hiemstra, D. (2009). Information Retrieval Models, pages 1-19.

368



Hornbeek, K. (2006). Current practice in measuring usability: Challenges to usability studies

and research. International Journal of Human-Computer Studies, 64(2):79-102.

Huang, J., White, R. W., and Dumais, S. (2011). No clicks, no problem: Using cursor move-
ments to understand and improve search. In Proceedings of the 29" ACM CHI, pages 1225—
1234.

Ingwersen, P. and Jarvelin, K. (2005). The Turn: Integration of Information Seeking and Retrieval

in Context. Springer Publishing Company, Incorporated.

Iwasa, Y., Higashi, M., and Yamamura, N. (1981). Prey distribution as a factor determining

the choice of optimal foraging strategy. The American Naturalist, 117(5):710-723.

Iwata, M., Sakai, T., Yamamoto, T., Chen, Y., Liu, Y., Wen, J.-R., and Nishio, S. (2012). As-
pectiles: Tile-based visualization of diversified web search results. In Proceedings of the

35" ACM SIGIR, pages 85-94.

Jahoda, G. (1961). Electronic searching. volume 4 of The state of the library art, pages 139-320.

Graduate School of Library Service, Rutgers University.

Janetos, A. C. and Cole, B. J. (1981). Imperfectly optimal animals. Behavioral Ecology and
Sociobiology, 9(3):203-209.

Jansen, B. J., Booth, D. L., and Spink, A. (2008). Determining the informational, naviga-
tional, and transactional intent of web queries. Information Processing and Management,

44(3):1251-1266.

Jansen, B. J. and Spink, A. (2005). Analysis of document viewing patterns of web search

engine users. In Web mining: Applications and techniques, pages 339-354.

Jansen, B.]. and Spink, A. (2006). How are we searching the world wide web? a comparison

of nine search engine transaction logs. Information Processing and Management, 42(1):248—

263.

369



Jarvelin, K. and Kekaldinen, J. (2000). Ir evaluation methods for retrieving highly relevant

documents. In Proceedings of the 23" ACM SIGIR, pages 41-48.

Jarvelin, K. and Kekaldinen, J. (2002). Cumulated gain-based evaluation of ir techniques.

ACM Transactions on Information Systems, 20(4):422-446.

Joachims, T. (2002). Optimizing search engines using clickthrough data. In Proceedings of
the 8" ACM KDD, pages 133-142.

Joachims, T., Granka, L., Pan, B., Hembrooke, H., and Gay, G. (2005). Accurately interpret-
ing clickthrough data as implicit feedback. In Proceedings of the 28" ACM SIGIR, pages
154-161.

Joho, H. and Jose, J. M. (2006). A comparative study of the effectiveness of search result

presentation on the web. In Proceedings of the 28" ECIR, pages 302-313.

Jones, K. S., Walker, S., and Robertson, S. E. (2000). A probabilistic model of information
retrieval: Development and comparative experiments. Information Processing and Man-

agement, 36(6):779-808.

Jordan, C., Watters, C., and Gao, Q. (2006). Using controlled query generation to evaluate
blind relevance feedback algorithms. In Proceedings of the 6" ACM/IEEE-CS JCDL, pages
286-295.

Kaisser, M., Hearst, M. A., and Lowe, J. B. (2008). Improving search results quality by
customizing summary lengths. In Proceedings of the 46" ACL, pages 701-709.

Kammerer, Y. and Gerjets, P. (2010). How the interface design influences users’ spontaneous
trustworthiness evaluations of web search results: comparing a list and a grid interface.

In Proceedings of the Symposium on Eye-Tracking Research & Applications, pages 299-306.

Kando, N., Eguchi, K., and Kuriyama, K. (1999). Construction of a large scale test collection:
Analysis of the test topics of the NTCIR-1. In Proceedings of IPS] Annual Meeting, pages
3-107.

370



Kanungo, T. and Orr, D. (2009). Predicting the readability of short web summaries. In
Proceedings of the 2"* ACM WSDM, pages 202-211.

Kato, M. P., Sakai, T., and Tanaka, K. (2012). Structured query suggestion for specialization
and parallel movement: Effect on search behaviors. In Proceedings of the 215 WWW, pages
389-398.

Kazai, G., Kamps, ]J., Koolen, M., and Milic-Frayling, N. (2011). Crowdsourcing for book
search evaluation: Impact of hit design on comparative system ranking. In Proceedings of

the 34" ACM SIGIR, pages 205-214.

Keenan, S., Smeaton, A. F., and Keogh, G. (2001). The effect of pool depth on system evalu-

ation in trec. Journal of the Association for Information Science and Technology, 52(7):570-574.

Kelly, D. (2009). Methods for evaluating interactive information retrieval systems with

users. Foundations and Trends in Information Retrieval, 3(1-2):1-224.

Kelly, D., Arguello, J., Edwards, A., and Wu, W.-C. (2015). Development and evaluation of
search tasks for iir experiments using a cognitive complexity framework. In Proceedings

of the 18 ACM ICTIR, pages 101-110.

Kelly, D. and Azzopardi, L. (2015). How many results per page?: A study of SERP size,
search behavior and user experience. In Proceedings of the 38" ACM SIGIR, pages 183—
192.

Kelly, D. and Gyllstrom, K. (2011). An examination of two delivery modes for interactive
search system experiments: Remote and laboratory. In Proceedings of the 29" ACM CHI,
pages 1531-1540.

Kelly, D., Gyllstrom, K., and Bailey, E. W. (2009). A comparison of query and term sug-
gestion features for interactive searching. In Proceedings of the 32" ACM SIGIR, pages
371-378.

371



Keskustalo, H., Jarvelin, K., Pirkola, A., Sharma, T., and Lykke, M. (2009). Test collection-
based IR evaluation needs extension toward sessions — A case of extremely short queries.

In Proceedings of the 5™ AIRS, pages 63-74.

Khabsa, M., Crook, A., Awadallah, A. H., Zitouni, 1., Anastasakos, T., and Williams, K.
(2016). Learning to account for good abandonment in search success metrics. In Proceed-

ings of the 25" ACM CIKM, pages 1893-1896.

Kim, J., Thomas, P., Sankaranarayana, R., and Gedeon, T. (2012). Comparing scanning
behaviour in web search on small and large screens. In Proceedings of the 17" ADCS,

pages 25-30.

Kim, J., Thomas, P., Sankaranarayana, R., Gedeon, T., and Yoon, H.-J. (2014). Eye-tracking
analysis of user behavior and performance in web search on large and small screens.

Journal of the Association for Information Science and Technology.

Kim, J., Thomas, P., Sankaranarayana, R., Gedeon, T., and Yoon, H.-J. (2016). Pagination
versus scrolling in mobile web search. In Proceedings of the 25" ACM CIKM, pages 751-
760.

Kim, J., Thomas, P., Sankaranarayana, R., Gedeon, T., and Yoon, H.-J. (2017). What snippet
size is needed in mobile web search? In Proceedings of the 2" ACM CHIIR, pages 97-106.

Kiseleva, J., Kamps, ]J., Nikulin, V., and Makarov, N. (2015). Behavioral dynamics from the
serp’s perspective: What are failed serps and how to fix them? In Proceedings of the 24"

ACM CIKM, pages 1561-1570.

Koch, S., Bosch, H., Giereth, M., and Ertl, T. (2009). Iterative integration of visual insights
during patent search and analysis. In Visual Analytics Science and Technology, pages 203—

210.

Kogut, C. A. (1990). Consumer search behavior and sunk costs. Journal of Economic Behavior

and Organization, 14(3):381-392.

372



Kraft, D. and Lee, T. (1979). Stopping rules and their effect on expected search length. IPM,
15(1):47 - 58.

Krebs, J. (1973). Behavioral Aspects of Predation, pages 73-111. Springer US, Boston, MA.

Krebs, J., Ryan, J., and Charnov, E. (1974). Hunting by expectation or optimal foraging? a
study of patch use by chickadees. Animal Behaviour, 22, Part 4:95-964.

Krebs, J. R., Stephens, D. W., Sutherland, W. J., and Myers, J. P. (1983). Perspectives in

optimal foraging. Perspectives in Ornithology, pages 165—222.

Krovetz, R. (1993). Viewing morphology as an inference process. In Proceedings of the 16™

ACM SIGIR, pages 191-202.

Kullback, S. and Leibler, R. A. (1951). On information and sufficiency. The annals of mathe-

matical statistics, 22(1):79-86.

Kupiec, J., Pedersen, J., and Chen, F. (1995). A trainable document summarizer. In Proceed-

ings of the 18" ACM SIGIR, pages 68-73.

Lancaster, F. (1968). Information retrieval systems: characteristics, testing, and evaluation. Infor-

mation sciences series. Wiley.

Landauer, T., Egan, D., Remde, J., Lesk, M., Lochbaum, C., and Ketchum, D. (1993). En-
hancing the usability of text through computer delivery and formative evaluation: the

superbook project. Hypertext: A psychological perspective, pages 71-136.

Leal-Bando, L., Scholer, F., and Turpin, A. (2015). Query-biased summary generation as-
sisted by query expansion. JASIST, 66(5):961-979.

Li, Q. and Chen, Y. P. (2010). Personalized text snippet extraction using statistical language
models. Pattern Recognition, 43(1):378-386.

Li, Y. and Hu, D. (2013). Interactive retrieval using simulated versus real work task situa-
tions: Differences in sub-facets of tasks and interaction performance. In Proceedings of the

76! ASIS&T, pages 41:1-41:10.

373



Linden, G. (2006). Marissa mayer at web 2.0. http://glinden.blogspot.com/2006/11/

marissa-mayer-at-web-20.html (retrieved on August 10, 2018).

Lo, R. T-W,, He, B., and Ounis, I. (2005). Automatically building a stopword list for an
information retrieval system. In Proceedings of the 5" Dutch-Belgian IR Workshop, pages

17-24.

Lorigo, L., Haridasan, M., Brynjarsdottir, H., Xia, L., Joachims, T., Gay, G., Granka, L.,
Pellacini, F., and Pan, B. (2008). Eye tracking and online search: Lessons learned and
challenges ahead. Journal of the American Society for Information Science and Technology,

59(7):1041-1052.

Loumakis, F., Stumpf, S., and Grayson, D. (2011). This image smells good: Effects of image
info. scent in search engine results pages. In Proceedings of the 20" ACM CIKM, pages
475-484.

Lovins, J. B. (1968). Development of a stemming algorithm. Mechanical Translation and

Computational Linguistics, 11:22-31.

Luhn, H. P. (1957). A statistical approach to mechanized encoding and searching of literary
information. IBM Journal of Research and Development, 1(4):309-317.

Luo, J., Zhang, S., Dong, X., and Yang, H. (2015). Proceedings of the 37 th ECIR, chapter De-

signing States, Actions, and Rewards for Using POMDP in Session Search, pages 526-537.

Luo, J., Zhang, S., and Yang, H. (2014). Win-win search: Dual-agent stochastic game in
session search. In Proceedings of the 37" ACM SIGIR, pages 587-596.

Manning, C. D., Raghavan, P., and Schiitze, H. (2008). Introduction to Information Retrieval.

Mansourian, Y. and Ford, N. (2007). Search persistence and failure on the web: a “bounded

rationality” and “satisficing” analysis. Journal of Documentation, 63(5):680-701.
March, J. G. (1994). Primer on decision making: How decisions happen. Simon and Schuster.

374


http://glinden.blogspot.com/2006/11/marissa-mayer-at-web-20.html
http://glinden.blogspot.com/2006/11/marissa-mayer-at-web-20.html

Marchionini, G. (1995). Information Seeking in Electronic Environments. Cambridge University

Press.

Marchionini, G., Dwiggins, S., Katz, A., and Lin, X. (1993). Information seeking in full-text
end-user-oriented search systems: The roles of domain and search expertise. Library and

Information Science Research, 15(1):35-69.

Marcos, M.-C., Gavin, F., and Arapakis, I. (2015). Effect of snippets on user experience in

web search. In Proceedings of the 16" HCI, pages 47:1-47:8.

Marshall, C. C. and Shipman, F. M. (1997). Spatial hypertext and the practice of information
triage. In Proc. 8" ACM Hypertext, pages 124-133.

Maxwell, D. (2016). Building realistic simulations for interactive information retrieval. In

Proceedings of the 1%t ACM CHIIR, pages 357-359.

Maxwell, D. and Azzopardi, L. (2014). Stuck in traffic: How temporal delays affect search
behaviour. In Proceedings of the 5 IiX, pages 155-164.

Maxwell, D. and Azzopardi, L. (2016a). Agents, simulated users and humans: An analysis

of performance and behaviour. In Proceedings of the 25" ACM CIKM, pages 731-740.

Maxwell, D. and Azzopardi, L. (2016b). Simulating interactive information retrieval: Simiir:
A framework for the simulation of interaction. In Proceedings of the 39" ACM SIGIR, pages
1141-1144.

Maxwell, D. and Azzopardi, L. (2018). Information scent, searching and stopping: Mod-
elling SERP level stopping behaviour. In Proceedings of the 40" ECIR, pages 210-222.

Maxwell, D., Azzopardi, L., Jarvelin, K., and Keskustalo, H. (2015a). An initial investigation
into fixed and adaptive stopping strategies. In Proceedings of the 38" ACM SIGIR, pages
903-906.

375



Maxwell, D., Azzopardi, L., Jarvelin, K., and Keskustalo, H. (2015b). Searching and stop-
ping: An analysis of stopping rules and strategies. In Proceedings of the 24" ACM CIKM,
pages 313-322.

Maxwell, D., Azzopardi, L., and Moshfeghi, Y. (2017). A study of snippet length and infor-
mativeness: Behaviour, performance and user experience. In Proceedings of the 40" ACM

SIGIR, pages 135-144.

Maxwell, D., Azzopardi, L., and Moshfeghi, Y. (2019). The impact of result diversification

on search behaviour and performance. Information Retrieval Journal. In press.

McBryan, O. A. (1994). GENVL and WWWW: Tools for taming the web. In Proceedings of
the 15t WWW.

McDonald, J., Ogden, W., and Foltz, P. (1998). Interactive information retrieval using term

relationship networks. NIST Special Publication, pages 379-384.

McMinn, A.J. (2018). Real-Time Event Detection using Twitter. PhD thesis, University of

Glasgow.

McNair, J. N. (1982). Optimal giving-up times and the marginal value theorem. The Ameri-
can Naturalist, 119(4):511-5209.

McNamee, P. (2006). Exploring new languages with haircut at clef 2005. In Proceedings of
the 6" CLEF, pages 155-164.

Mitra, B. and Craswell, N. (2017). Neural models for information retrieval. arXiv preprint

arXiv:1705.015009.

Moffat, A., Thomas, P., and Scholer, F. (2013). Users versus models: What observation tells

us about effectiveness metrics. In Proceedings of the 22"* ACM CIKM, pages 659-668.

Moffat, A. and Zobel, ]. (2008). Rank-biased precision for measurement of retrieval effec-

tiveness. ACM Transactions on Information Systems, 27(1):2:1-2:27.

376



Mooers, C. (1950). The theory of digital handling of non-numerical information and its implications

to machine economics. Zator technical bulletin.

Moore, G. (1965). Cramming more components onto integrated circuits. Electronics,

38(8):114.

Muralidharan, A., Gyongyi, Z., and Chi, E. (2012). Social annotations in web search. In
Proceedings of the 215 ACM CHI, pages 1085-1094.

Navalpakkam, V., Jentzsch, L., Sayres, R., Ravi, S., Ahmed, A., and Smola, A. (2013). Mea-
surement and modeling of eye-mouse behavior in the presence of nonlinear page layouts.

In Proceedings of the 22™ WWW, pages 953-964.

Nickles, K. (1995). Judgment-based and reasoning-based stopping rules in decision making under

uncertainty. PhD thesis, University of Minnesota.

Ofoghi, B., Yearwood, J., and Ghosh, R. (2006). A semantic approach to boost passage re-

trieval effectiveness for question answering. In Proceedings of the 29" ACSC, pages 95-101.

Olston, C. and Chi, E. (2003). Scenttrails: Integrating browsing and searching on the web.

ACM Transactions on Computer-Human Interactions, 10(3).

Ong, K., Jarvelin, K., Sanderson, M., and Scholer, F. (2017). Using information scent to
understand mobile and desktop web search behavior. In Proceedings of the 40" ACM
SIGIR, pages 295-304.

Oulasvirta, A., Hukkinen, J., and Schwartz, B. (2009). When more is less: The paradox of
choice in search engine use. In Proceedings of the 32" ACM SIGIR, pages 516-523.

Over, P. (1998). Trec-6 interactive track report. pages 73-82.

Over, P. (2001). The trec interactive track: an annotated bibliography. Information Processing

and Management, 37(3):369-381.

377



Paakkonen, T., Jarvelin, K., Kekaldinen, J., Keskustalo, H., Baskaya, F., Maxwell, D., and
Azzopardi, L. (2015). Exploring behavioral dimensions in session effectiveness. In Pro-

ceedings of the 6" CLEF, pages 178-189.

Paek, T., Dumais, S., and Logan, R. (2004). Wavelens: A new view onto internet search

results. In Proceedings of the 22"* ACM CHI, pages 727-734.

Pedersen, J., Cutting, D., Tukey, J., et al. (1991). Snippet search: A single phrase approach

to text access. In Proceedings of the 1991 Joint Statistical Meetings.

Perkins, D. N., Allen, R., and Hafner, J. (1983). Difficulties in everyday reasoning. Thinking:
The expanding frontier, pages 177-189.

Peters, C. and Braschler, M. (2001). European Research Letter: Cross-language System Eval-
uation: The CLEF Campaigns. Journal of the Association for Information Science and Technol-

0gy, 52(12):1067-1072.

Pirolli, P. (2007). Information Foraging Theory: Adaptive interaction with information. Human

Technology Interaction Series. Oxford University Press, USA.

Pirolli, P. and Card, S. (1995). Information foraging in information access environments. In

Proc. 13" ACM SIGCHI, pages 51-58.
Pirolli, P. and Card, S. K. (1999). Information foraging. Psychological Review, 106:643-675.

Pirolli, P., Schank, P., Hearst, M., and Diehl, C. (1996). Scatter/gather browsing communi-
cates the topic structure of a very large text collection. In Proceedings of the 14" ACM CHI,
pages 213-220.

Pitts, M. G. and Browne, G.]. (2004). Stopping behavior of systems analysts during informa-

tion requirements elicitation. Journal of Management Information Systems, 21(1):203-226.

Pitz, G., Reinhold, H., and Geller, E. S. (1969). Strategies of information seeking in deferred

decision making. 4:1-19.

378



Porter, M. F. (1980). An algorithm for suffix stripping. Program, 14(3):130-137.

Prabha, C., Connaway, L., Olszewski, L., and Jenkins, L. (2007). What is enough? Satisficing

information needs. Journal of Documentation, 63(1):74-89.
Reisberg, D. (1997). Cognition: Exploring the science of the mind. WW Norton & Co.

Resnick, M. L., Maldonado, C., Santos, J. M., and Lergier, R. (2001). Modeling on-line search
behavior using alternative output structures. In Proceedings of the Human Factors and Er-

gonomics Society Annual Meeting, volume 45, pages 1166-1170.

Robertson, S. (2008). On the history of evaluation in ir. Journal of Information Science,

34(4):439-456.

Robertson, S., Walker, S., Jones, S., Hancock-Beaulieu, M. M., and Gatford, M. (1995). Okapi
at trec-3. In Ouverview of the Third Text REtrieval Conference (TREC-3), page 109-126.

Robertson, S. and Zaragoza, H. (2009). The probabilistic relevance framework: Bm25 and
beyond. Found. Trends Inf. Retr., 3(4):333-389.

Robertson, S. E. (1977). The probability ranking principle in ir. Journal of Documentation,
33(4):294-304.

Rose, D. E. and Levinson, D. (2004). Understanding user goals in web search. In Proceedings

of the 13"" WWW, pages 13-19.

Rose, D. E., Orr, D., and Kantamneni, R. G. P. (2007). Summary attributes and perceived
search quality. In Proceedings of the 16" WWW, pages 1201-1202.

Russell, D. M., Stefik, M. J., Pirolli, P., and Card, S. K. (1993). The cost structure of sense-
making. In Proceedings of the 11" ACM CHI, pages 269-276.

Ruthven, 1. (2001). Abduction, Explanation and Relevance Feedback. PhD thesis, University of

Glasgow.

379



Ruthven, I. (2008). Interactive information retrieval. Annual Review of Information Science

and Technology, 42(1):43-91.

Saad, G. and Russo, J. (1996). Stopping criteria in sequential choice. Organizational Behavior

and Human Decision Processes, 67(3):258 — 270.

Salton, G., Wong, A., and Yang, C. S. (1975). A vector space model for automatic indexing.
Communications of the ACM, 18(11):613-620.

Sanderson, M. (2010). Test collection based evaluation of information retrieval systems.

Foundations and Trends in Information Retrieval, 4(4):247-375.

Sanderson, M. and Croft, W. B. (2012). The history of information retrieval research. Pro-
ceedings of the IEEE, 100:1444-1451.

Sandstrom, P. E. (1994). An optimal foraging approach to information seeking and use. The
Library Quarterly: Information, Community, Policy, 64(4):414—449.

Santos, R. L., Macdonald, C., and Ounis, I. (2010). Exploiting query reformulations for web
search result diversification. In Proceedings of the 19" WWW, pages 881-890.

Savenkov, D., Braslavski, P., and Lebedev, M. (2011). Search snippet evaluation at yandex:
lessons learned and future directions. Multilingual and Multimodal Information Access Eval-

uation, pages 14-25.

Schank, R. C. and Abelson, R. P. (1977). Scripts, plans, goals, and understanding: An inquiry

into human knowledge structures. Psychology Press.
Schwartz, B. (2005). The Paradox of Choice: Why More Is Less. Harper Perennial.

Shafir, E. and Tversky, A. (1992). Thinking through uncertainty: Nonconsequential reason-

ing and choice. Cognitive psychology, 24(4):449-474.

Simon, H. A. (1955). A behavioral model of rational choice. The Quarterly Journal of Eco-
nomics, 69(1):99-118.

380



Simon, H. A. (1971). Decision making and organizational design. Organizational Theory,

pages 189-212.
Simon, H. A. (1996). The sciences of the artificial. MIT press.

Smith, G. F., Benson, P. G., and Curley, S. P. (1991). Belief, knowledge, and uncertainty: A
cognitive perspective on subjective probability. Organizational Behavior and Human Deci-

sion Processes, 48(2):291-321.

Smucker, M. (2011). An analysis of user strategies for examining and processing ranked

lists of documents. In Proceedings of the 5" HCIR.

Smucker, M., Guo, X., and Toulis, A. (2014). Mouse movement during relevance judging:
Implications for determining user attention. In Proceedings of the 37*" ACM SIGIR, pages
979-982.

Smucker, M. D. and Clarke, C. L. (2012). Time-based calibration of effectiveness measures.

In Proceedings of the 35 ACM SIGIR, pages 95-104.

Soper, H. (1918). Means for compiling tabular and statistical data. = U.S. Patent
US00135169231-1920.

Sparck Jones, K. (1972). A statistical interpretation of term specificity and its application in

retrieval. Journal of documentation, 28(1):11-21.

Spirin, N. V., Kotov, A. S., Karahalios, K. G., Mladenov, V., and Izhutov, P. A. (2016). A
comparative study of query-biased and non-redundant snippets for structured search on

mobile devices. In Proceedings of the 25" ACM CIKM, pages 2389-2394.

Spool, J. and Schroeder, W. (2001). Testing web sites: Five users is nowhere near enough.

In Proc. 19" ACM CHI Extended Abstracts, pages 285-286.

Stephens, D. and Krebs, J. (1986). Foraging Theory. Monographs in Behavior and Ecology.

Princeton University Press.

381



Su, L. T. (1992). Evaluation measures for interactive information retrieval. Information Pro-
cessing and Management, 28(4):503-516. Special Issue: Evaluation Issues in Information

Retrieval.

Sundar, S., Knobloch-Westerwick, S., and Hastall, M. (2007). News cues: Info. scent and
cognitive heuristics. Journal of the Association for Information Science Technology, 58(3):366—

378.

Svore, K. M., Teevan, J., Dumais, S. T., and Kulkarni, A. (2012). Creating temporally dy-
namic web search snippets. In Proceedings of the 35" ACM SIGIR, pages 1045-1046.

Syed, R. and Collins-Thompson, K. (2017). Retrieval algorithms optimized for human learn-
ing. In Proceedings of the 40" ACM SIGIR, pages 555-564.

Teevan, ]., Cutrell, E., Fisher, D., Drucker, S. M., Ramos, G., André, P., and Hu, C. (2009).
Visual snippets: Summarizing web pages for search and revisitation. In Proceedings of the

27" ACM CHI, pages 2023-2032.

Thomas, P., Moffat, A., Bailey, P., and Scholer, F. (2014). Modeling decision points in user
search behavior. In Proceedings of the 5" I1iX, pages 239-242.

Tocher, K. (1963). The art of simulation. Electrical engineering series. English Universities

Press.

Tombros, A. and Sanderson, M. (1998). Advantages of query biased summaries in informa-

tion retrieval. In Proceedings of the 218 ACM SIGIR, pages 2-10.

Toms, E. G. and Freund, L. (2009). Predicting stopping behaviour: A preliminary analysis.
In Proceedings of the 32"* ACM SIGIR, pages 750-751.

Tran, V., Maxwell, D., Fuhr, N., and Azzopardi, L. (2017). Personalised search time predic-
tion using markov chains. In Proceedings of the 3™ ACM ICTIR, pages 237-240.

Turpin, A., Scholer, F., Jarvelin, K., Wu, M., and Culpepper, J. S. (2009). Including sum-
maries in system evaluation. In Proceedings of the 32" ACM SIGIR, pages 508-515.

382



Turpin, A., Tsegay, Y., Hawking, D., and Williams, H. E. (2007). Fast generation of result
snippets in web search. In Proceedings of the 30" ACM SIGIR, pages 127-134.

Umemoto, K., Yamamoto, T., and Tanaka, K. (2016). Scentbar: A query suggestion interface
visualizing the amount of missed relevant information for intrinsically diverse search. In

Proceedings of the 39"" ACM SIGIR, pages 405-414.
van Rijsbergen, C. (1979). Information Retrieval. Butterworth-Heinemann.

Vaughan, L. (2004). New measurements for search engine evaluation proposed and tested.

Information Processing and Management, 40(4):677-691.

Veerasamy, A. and Belkin, N. J. (1996). Evaluation of a tool for visualization of information

retrieval results. In Proceedings of the 19" ACM SIGIR, pages 85-92.

Veerasamy, A. and Heikes, R. (1997). Effectiveness of a graphical display of retrieval results.
In Proceedings of the 20" ACM SIGIR, pages 236-245.

Verberne, S., Sappelli, M., Jarvelin, K., and Kraaij, W. (2015). User simulations for interactive
search: Evaluating personalized query suggestion. In Proceedings of the 37 ECIR, volume

9022, pages 678-690.

Villa, R., Cantador, I, Joho, H., and Jose, J. M. (2009). An aspectual interface for supporting
complex search tasks. In Proceedings of the 32" ACM SIGIR, pages 379-386.

Voorhees, E. (2006). Overview of the trec 2005 robust retrieval track. In Proceedings of TREC-
14.

Voorhees, E. M. (2002). The philosophy of information retrieval evaluation. In Proceedings

of the 7" CLEF Initiative, pages 355-370.

Voorhees, E. M. and Harman, D. K. (2005). TREC: Experiment and Evaluation in Information

Retrieval.

Wald, A. (1948). Sequential analysis. Social Forces, 27(2):170-171.

383



White, R. W. and Dumais, S. T. (2009). Characterizing and predicting search engine switch-
ing behavior. In Proceedings of the 18" ACM CIKM, pages 87-96.

White, R. W., Jose, J. M., and Ruthven, I. (2003). A task-oriented study on the influenc-
ing effects of query-biased summarisation in web searching. Information Processing and

Management, 39(5):707-733.

Wilkie, C. and Azzopardi, L. (2017). Algorithmic bias: Do good systems make relevant
documents more retrievable? In Proceedings of the 26" ACM CIKM, pages 2375-2378.

Wilson, M. L., Kules, B., Schraefel, M., and Shneiderman, B. (2010). From keyword search
to exploration: Designing future search interfaces for the web. Foundations and Trends in

Web Science, 2(1):1-97.

Woodruff, A., Rosenholtz, R., Morrison, J. B., Faulring, A., and Pirolli, P. (2002). A com-
parison of the use of text summaries, plain thumbnails, and enhanced thumbnails for
web search tasks. Journal of the American Society for Information Science and Technology,

53(2):172-185.

Wu, W.-C. (2012). How far will you go?: Using need for closure and information scent to

model search stopping behavior. In Proceedings of the 4" I1iX, pages 328-328.

Wu, W.-C. and Kelly, D. (2014). Online search stopping behaviors: An investigation of
query abandonment and task stopping. Proceedings of the 7745157, 51(1):1-10.

Wu, W.-C,, Kelly, D., and Sud, A. (2014). Using information scent and need for cognition to
understand online search behavior. In Proceedings of the 37" ACM SIGIR, pages 557-566.

Yang, P. and Fang, H. (2017). Can short queries be even shorter? In Proceedings of the 40"
ACM SIGIR, pages 43-50.

Yates, J. (1990). Judgment and decision making. Journal of Behavioral Decision Making,
4(1):76-78.

384



Yates, J. and Carlson, B. (1982). Toward a representational theory of decision making. Ann

Arbor, MI: University of Michigan, Working Paper.

Yilmaz, E., Shokouhi, M., Craswell, N., and Robertson, S. (2010). Expected browsing utility
for web search evaluation. In Proceedings of the 19"" ACM CIKM, pages 1561-1564.

Zach, L. (2005). When is “enough” enough? modeling the information-seeking and stop-
ping behavior of senior arts administrators: Research articles. Journal of the Association for

Information Science and Technology, 56(1):23-35.

Zhang, F., Liu, Y., Li, X., Zhang, M., Xu, Y., and Ma, S. (2017a). Evaluating web search with
a bejeweled player model. In Proceedings of the 40" ACM SIGIR, pages 425-434.

Zhang, Y., Liu, X., and Zhai, C. X. (2017b). Information retrieval evaluation as search simu-
lation: A general formal framework for ir evaluation. In Proceedings of the 3 ACM ICTIR,

pages 193-200.

Zhang, Y., Park, L. A. F., and Moffat, A. (2010). Click-based evidence for decaying weight

distributions in search effectiveness metrics. Information Retrieval, 13(1):46—69.
Zipt, G. (1949). Human behavior and the principle of least effort: an introduction to human ecology.

Zuccon, G., Leelanupab, T., Whiting, S., Yilmaz, E., Jose, ]J. M., and Azzopardi, L. (2013).
Crowdsourcing interactions: Using crowdsourcing for evaluating interactive informa-

tion retrieval systems. Information Retrieval, 16(2):267-305.

385



	The PhD Journey
	List of Figures
	List of Tables
	Abbreviations Used
	Glossary of Terms
	I Introduction and Background
	Introduction
	Motivation and Context
	Considering Stopping Behaviours

	High-Level Research Questions
	Thesis Contributions
	Thesis Statement
	Origins of the Material
	Thesis Outline

	Information Retrieval
	A (Brief) History of Information Retrieval
	Libraries and Mechanisation
	The Rise of Computers
	The World Wide Web

	Information Retrieval Basics
	The Indexing Process
	Tokenisation
	Stopword Removal
	Stemming

	Retrieval Models
	Boolean Model
	Vector Space Model
	Probabilistic Models


	From System to Searcher
	Experimental Paradigms
	The Text REtrieval Conference
	The TREC Searcher Model

	Interactive Information Retrieval
	The Search Engine Results Page

	The IR/IIR Spectrum
	The Simulation of Interaction
	Searcher Models

	Evaluation Measures
	System-Based Evaluation
	Precision
	Recall
	Expected Search Length
	Cumulative Gain Measures
	Rank-Biased Precision

	User-Based Evaluation
	Interactive Precision and Recall

	Evaluation Measures and Stopping

	Chapter Summary

	A Background of Stopping in IIR
	Why Stopping?
	Stopping Decision Points

	Stopping Heuristics
	Judgement-Based Heuristics
	Satisfaction and Frustration
	Difference Threshold
	Magnitude Threshold
	Single Criterion

	Reasoning-Based Heuristics
	Representational Stability
	Propositional Stability
	The Mental List

	Summary of Heuristics

	Theoretical Models
	Information Foraging Theory
	Patches and Scent
	Stopping Heuristics


	User Studies
	Understanding Stopping Behaviours
	Quantifying Stopping Behaviours
	Considering Search Depths

	Chapter Summary


	II Modelling and Methodology
	The Complex Searcher Model
	Model Flow
	Stopping Decision Points
	Model Advancements
	SERP Level Stopping
	The Querying Process

	Model Assumptions
	Search Task
	Retrieval System Tool Choice
	Simple SERPs
	Good and Bad SERP Abandonment
	External Factors

	Evaluating the CSM
	Chapter Summary

	Operationalised Stopping Strategies
	Fixed Depth
	Frustration and Satisfaction
	Searcher Frustration
	Goal/Satisfaction-Based
	Combining Frustration and Satisfaction

	Difference Threshold
	Instantaneous Intake
	Time-Based
	Measure-Based
	Chapter Summary

	General Methodology
	Context, Data, Tasks and Retrieval System
	Document Corpus
	Retrieval System
	Topics

	User Study Methodology
	Experimental Details and Flow
	Experimental Search Interface
	The SERP
	The Document View
	The Saved Documents View

	Capturing Interactions and Survey Responses
	Crowdsourcing Considerations
	Platform Details
	Subject Requirements
	Technical Requirements


	Extracting User Study Data
	Behavioural Measures
	Time-Based Measures
	Performance Measures
	Demographics and User Experience Surveys
	Demographics
	Pre-Task
	Post-Task and Post-Experiment


	Simulating Searcher Behaviours
	The SimIIR Framework
	Grounding and Instantiating Simulations
	Interaction Costs
	Query Generation Strategies
	Summary and Document Decision Making
	Computing Gain
	SERP Level Decision Making
	Result Summary Level Stopping Strategies
	Simulated Searcher Constraints and Goals

	Simulation Runs and Evaluation
	Performance Runs
	Comparison Runs


	Chapter Summary


	III Examining Searcher Stopping Behaviours
	Result Summary Lengths and Stopping Behaviour
	Background
	Results per Page
	Snippet Lengths: Longer or Shorter?
	SERP Layout and Presentation
	Generating Snippet Text

	Varying Snippet Lengths
	Methodology
	Search System and Interfaces
	Snippet Generation
	Search Task
	Crowdsourced Subjects
	Post-Task Surveys
	Post-Experiment Survey

	Results and Analysis
	Interaction Measures
	Time-Based Measures
	Performance
	User Experience

	Discussion and User Study Conclusions

	Simulated Analysis
	Methodology
	Experimental System and Interfaces
	Interaction Costs and Probabilities

	Results
	Performance
	Real-World Comparisons


	Chapter Summary

	Result Diversification and Stopping Behaviour
	Background, Motivation and Hypotheses
	Aspectual Retrieval
	Tasks, Systems and Information Foraging Theory
	Hypotheses


	Diversifying Search Results
	Methodology
	Search Tasks
	Crowdsourced Subjects and Controls
	Extracting Aspects
	Additional Performance Measures
	Diversifying Search Results
	Post-Task Surveys
	Post-Experiment Survey

	Results
	Interaction Measures
	Performance Measures
	Time-Based Measures
	User Experience Measures
	Gain over Time

	Discussion

	Simulated Analysis
	Methodology
	Experimental System and Conditions
	Interaction Costs and Probabilities

	Results
	Performance
	Real-World Comparisons


	Chapter Summary

	Modelling SERP Level Stopping Behaviours
	Motivation and Research Questions
	Methodology
	SERP Decision Making
	Decision Point Implementations

	Interfaces, Conditions, and Experimental Grounding
	Result Summary Level Stopping Strategies
	Remaining CSM Components

	Results
	Performance
	Real-World Comparisons

	Chapter Summary


	IV Conclusions
	Discussion and Future Work
	Thesis Summary
	Discussion
	Searcher Models and Realism
	Stopping Strategy Operationalisation
	Searcher Behaviours
	Simulations of Interaction

	Future Research Directions
	Improving Simulation Realism
	Stopping Heuristics and Strategies
	Simulation Trials and Topics
	Individual Searcher Stopping Behaviours

	Final Remarks


	Bibliography

