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ABSTRACT
While great strides have beenmade in the �eld of search and recommendation� there
are still challenges and opportunities to address information access issues that involve
solving tasks and accomplishing goals for awide variety of users� Speci�cally�we lack
intelligent systems that can detect not only the request an individual is making (what)�
but also understand and utilize the intention (why) and strategies (how) while provid-
ing information and enabling task completion� Many scholars in the �elds of infor-
mation retrieval� recommender systems� productivity (especially in taskmanagement
and time management)� and arti�cial intelligence have recognized the importance of
extracting and understanding people’s tasks and the intentions behind performing
those tasks in order to serve them better� However� we are still struggling to support
them in task completion� e�g�� in search and assistance� and it has been challenging
to move beyond single-query or single-turn interactions� The proliferation of intelli-
gent agents has unlocked new modalities for interacting with information� but these
agents will need to be able to work understanding current and future contexts and
assist users at task level� This book will focus on task intelligence in the context of
search and recommendation�Chapter � introduces readers to the issues of detecting�
understanding� and using task and task-related information in an information episode
(with or without active searching)� This is followed by presenting several prominent
ideas and frameworks about how tasks are conceptualized and represented in Chap-
ter �� In Chapter �� the narrative moves to showing how task type relates to user
behaviors and search intentions� A task can be explicitly expressed in some cases�
such as in a to-do application� but often it is unexpressed� Chapter � covers these
two scenarios with several related works and case studies�Chapter � shows how task
knowledge and task models can contribute to addressing emerging retrieval and rec-
ommendation problems� Chapter � covers evaluation methodologies and metrics for
task-based systems�with relevant case studies to demonstrate their uses� Finally� the
book concludes in Chapter �� with ideas for future directions in this important re-
search area�
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Preface
Tasks are a driving force behind interactions with search and recommendation sys-
tems� Task-based intelligent systems can assist users in a variety of ways� including
generating search results� presenting contextual reminders� organizing to-do tasks�
scheduling time for tasks� and supporting task completion directly� e�g�� in task-
oriented dialog systems� Task is often regarded as a latent factor in interactions with
these systems and users are frequently unassisted in managing tasks across query�
session� application� and device boundaries�

There have been many research studies on tasks� spanning the information re-
trieval (IR)� recommender systems� and human-computer interaction (HCI) research
communities� among others� including several by the two of us�There have also been
several well-attended workshops and tracks at venues such as the Text REtrieval
Conference (TREC)� designed to build community and drive progress in this area�
However� there has been no real attempt to bring togethermuch of the relevant work
in a single place� especially as it relates to IR�

Wewanted towrite a book to address this shortcoming and help the community
grasp the extent of the signi�cant opportunity in task-based search and recommenda-
tion�Wealsowanted to present our point of viewon the challenges and opportunities
in this area� This book builds on our SIGIR ���� tutorial of the same name� provid-
ing additional commentary and detail to augment the slides and the oral presenta-
tion� These narratives are built on the shoulders of many past and present scholars
in the �eld� We have done our best to honor and introduce their ideas in the con-
text pertinent to this book� In addition� we have taken co-authored works with our
collaborators and students for several of the case studies described here� This list
of scholars include Nicholas Belkin� Jiqun Liu�MatthewMitsui� Shawon Sarkar� and
Yiwei Wang� Presenting their work in the context of this book and its narrative war-
ranted some repetitions or re-narrations� but the reader is encouraged to read those
original works and cite them appropriately�

As outlined in the Abstract� the book is organized in seven chapters with what
we believed to be a logical structure� Each reader can decide where they should start
and howdeep they should go into the providedmaterial� In case of no prior exposure
to this topic� one should certainly start with Chapter��Thosewho alreadyhave some
familiaritywith this area can choose to reviewChapters � and � to ensure they are not
missing any important or recent works and then move to a more careful examination
of the chapters that follow� Seasoned scholars in the�eldmaywant to jump straight to



x PREFACE

several case studies presented in Chapters �-� and round it out with special emphasis
on evaluation in Chapter �� Almost everyone� regardless of their background� should
consider reviewing and re�ecting on Chapter ��

No matter what your background is and how much you intend to work in this
area� we hope that you �nd the content helpful and that it inspires you and your
colleagues to do more work on this important topic�
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Introduction
“A wealth of information creates a poverty of attention�� – this statement by
renowned economist and psychologist Herbert A� Simon from ���� is perhaps even
more �tting today as we are drenched in the sea of information on one hand� but
lack tools and support for going beyond retrieving relevant information and meet
higher level goals of solving problems and making decisions� This applies to most
of our information systems� speci�cally search and recommendation systems� These
systems are often optimized for matching a situation� a need� or an expression of a
need (query� question) to available information� However� they do little to consider
the task behind those needs and situations� Invariably� their underlying assumption
is that ful�lling a user’s request one at a time would also address their overall task�

In this chapter� we will argue that this assumption is �awed and that under-
standing the task that motivates someone to seek information is critical for going
beyond just �nding relevant information and making information help us solve prob-
lems� This is not a new realization� as we will see in the following section� We will
then provide examples and scenarios to demonstrate how considering task informa-
tion could be critical in helping people with their informational needs� And �nally�
we will provide the outline of what this book will do and how�

��� WHAT IS ATASK?
IR systems� whether they are manifested as everyday search (e�g�� in search engines
such as Google and Bing) or special tools for providing interventions and recom-
mendations (e�g�� digital assistants such as Alexa and e-commerce sites such as Ama-
zon�com)� cover a rather signi�cant component of advanced intelligent assistance�
For simplicity� we refer to these broadly as IR systems� People’s interactions with
these systems are often motivated by tasks that emerge from evolving� continuous
problematic situations [��� ��]�Understanding a searcher’s intention and task for ask-
ing a question could provide an e�ective method for conceptualizing di�erent con-
texts and situations of information needs that drive people to seek information using
di�erent information systems� Search and retrieval systems have evolved consider-
ably over the last few decades� they have become more advanced in suggesting use-
ful queries� and providing personalized search results� especially in fact-�nding and
navigational search tasks [���]� However� their algorithmic processes are still lim-
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ited while retrieving information supporting complex and intellectually challenging
tasks [���]� Often� current information systems fail to provide information relevant
to achieve searchers’ complex task goals� or are unable to suggest useful queries to
exclude or execute next� in order to retrieveWeb pages containing useful information
for searchers’ tasks� Even though scholars have long argued the importance of con-
sidering task information in IR for truly helping people with complex� unexpressed�
or unclear needs [��� ��]� incorporating tasks in IR systems has been challenging at
best� However� there are several bright spots and certainly research that can help us
move further� In this book� we will review many such e�orts and discuss what they
mean for task-based intelligent search and recommendation systems� Before that� let
us discuss how we think about task as a general and IR-speci�c concept�

A task is generally considered as a set of connected physical� a�ective� and cog-
nitive actions through which individuals try to accomplish some goals in their work
or everyday lives [��� ���]� It is an expression or representation of the goal or pur-
pose of the search process (e�g�� “gathering information to write a research report”
or “planning a trip”) [���]� A task can also be interpreted as an atomic information
need from a more granular perspective resulting in one or more queries submitted
to IR systems [���]� Finally� according to existing empirical research� a task can be
inherently hierarchical� multidimensional� and modeled at multiple granularity lev-
els [��� ��]�

Figure ���� Conceptualization of task in search situations�
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In general� a task consists of three levels� work task� information seeking task�
and search or retrieval task (see Figure ���)� each with its own goals� intentions� con-
ditions� actions� and outcomes [��]� At its most general level� work task refers to
the broad� overarching goal which triggers the search process� That overarching task
consists of one or more information seeking tasks� which could be accomplished
through multiple consultations with one or more information sources such as search
systems and human experts� Each seeking task can then be further deconstructed
to one or more information retrieval�search tasks with a de�ned goal but an antici-
pated and likely unknown outcome [���] that can be accomplished through a single
consultation with search systems [��� ���� ���]� Each level of the search task can be
modeled as a concrete sequence of states and actions� Each level of task has a de-
�ned goal but an anticipated and likely unknown outcome [���]� Furthermore� each
sub-task level is recursively dependent on previous one(s) [���]� Under the in�uence
of local situational aspects of search� users’ task states at a given moment of a search
process often change and evolve during search interactions [���]�

��� REASONS TO CONSIDERTASK IN IR
While great strides have beenmade in the �eld of search and recommendation� there
are still challenges and opportunities to address information access issues that involve
solving tasks and accomplishing goals for a wide variety of users� Speci�cally� we
lack intelligent systems that can detect not only the request an individual is making
(what)� but also understand and utilize the intention (why) and strategies (how) while
providing information�

This is not a new realization or an argument� Many scholars in IR and beyond
have recognized the importance of extracting and understanding a user’s task and the
underlying intention in order to serve them better [���� ���� ���]�

Despite such support for understanding and using task knowledge� we are still
struggling to move beyond single-query or single-turn interactions�The proliferation
of intelligent agents has opened up newmodality for interactingwith information� but
these agents will need to be able to workmore intelligently in understanding context
and helping people at the task level� Several community events have taken place over
the past few years focused on this topic (e�g�� [��� ���� ���]) (PAIRWorkshop� �����
WICRS Workshop� ����)� indicating continual and increased interest by scholars�
but also highlighting the need to do more in this important area�We believe there are
three primary reasons for considering tasks while studying� designing� and evaluating
IR systems�

�� As many scholars have argued for decades� IR systems should be helping people
accomplish their tasks� The needs they express to such systems through queries
or questions are just surface-level signals for the actual underlying problematic
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situation [��� ��]� Rather than assuming that everything we need to know about
that situation is clearly expressed in those queries or questions� if we actually
understand and model that situation or task� we may be able to develop better
IR systems that go to the heart of people seeking information�

�� Often people are not able to express what they need or want� This is specif-
ically the case for those with low information literacy� but it can also happen
to regular users of IR systems and those with a good command on their search
skills� For some time� librarians have addressed such situations with remarkable
e�cacy using reference interviews� For example� using Dervin’s sense-making
questions [��]� one can probe an information seeker with appropriate ques-
tions that go beyond what they are explicitly asking� This process leads to an
enhanced understanding of the underlying need and what support the person
could use�Most existing IR systems lack this functionality�Trying to understand
one’s task could bring that valuable process of reference interviewing back into
search�

�� There are emerging modalities and interaction styles that warrant an under-
standing of user’s task�These include devices andmethods that support natural�
often voice-based� interactions�The systems� speci�cally intelligent agents� that
power such interactions could bene�t immensely from task-based knowledge�
Such knowledge could help them engage with the user in a conversation� elicit
information that may not be explicitly expressed� and be proactive in making
recommendations in appropriate ways given the context�

In short� task knowledge can help us not only make existing IR systems more
useful� but also allow us to create transformative solutions with emerging modalities
that intelligent agents can support� To better understand these two cases� we will
examine two di�erent scenarios�

��� SEARCH ENGINE SCENARIO
Let us consider the following set of queries issued to a search engine by the same
user during a single search session�

�� nigerian scam email

�� nigerian scam unemployment

�� washington unemployment scam

�� email for reporting unemployment scam

�� contact for reporting unemployment scam
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How do we understand these queries? We can certainly examine each of these
independently and provide an interpretation� A search engine� in a simplest sense�
does just that� For example� when it looks at the second query� it will provide rel-
evant documents about several Nigerian scams� with the one relating to unemploy-
ment �ling toward the top� But then for the fourth query� it will provide documents
that may contain email for �ling for unemployment bene�ts�However� this is missing
an important link� If we were to analyze the �ow of the queries� it is clear that the
searcher here is possibly a victim of Nigerian scam that targeted Washington state
unemployment bene�ts during the COVID-�� pandemic in the US�� This person is
now looking for a way to report this or contact someone for advice on how to pro-
ceed� That is their task� their intent� However� in terms of queries� this is divided up
in two or three parts and when a search engine treats these parts separately instead
of considering them as a part of a task� it leads to results and assistance that do not
address the task directly�

Of course� you could argue that the search engines are notmeant to simplyhand
over answers to complex tasks and that people need to connect the dots� That may
be true for many of the tasks and for many of the people� but not all the tasks all the
time� This is speci�cally concerning to those with low information literacy such as
seniors�

Now� let us askwhat could be an alternative scenario� Imagine we have a search
engine that not onlyconsiders these queries and the associated result clicks (all search
engines do)� but also connects the dots like we did before to try to understand the
task�What would it look like? We envision that in Table ����

What can be seen in the above table is actually not that far-fetched� Existing
search systems already consider clicks and other signals associated with a query�
What is proposed here is going a few steps further to estimate why someone may
be performing those queries and clicks� There are limitations� of course� We will
probably never be able to tell what was going on in searchers’ minds when theywere
running these queries� nor the real reason behind this search session�Were they re-
ally looking for something like this because they want to act on it or simply to ful�l
their curiosity? Was this their own need or were they doing this for someone else?
Will they take what they found here to ful�l a di�erent or a bigger task or is this the
start and end of the actual task for them? Despite accepting our limitations regarding
how much we could learn from what we could observe here (e�g�� queries� clicks�
amount of time spent on them)� there is quite a bit we could interpolate and extrap-
olate here that can bring us closer to knowing and addressing the underlying task� as
demonstrated in Table ����

�https://www.seattletimes.com/business/economy/washington-adds-more-than-145000-weekly-jobless-
claims-as-coronavirus-crisis-lingers/

https://www.seattletimes.com/business/economy/washington-adds-more-than-145000-weekly-jobless-claims-as-coronavirus-crisis-lingers/
https://www.seattletimes.com/business/economy/washington-adds-more-than-145000-weekly-jobless-claims-as-coronavirus-crisis-lingers/
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Table ���� Envisioning a search engine that derives task information from queries and
clicks�

Queries and clicks Task interpretation
nigerian scam email
[No click]

Find information about Nigerian scam email

nigerian scam unemployment
[Click on a WIRED story]

Find stories related to Nigerian scam email
and�or unemployment

washington unemployment scam
[Click on a Seattle Times story]

Find stories related to Nigerian scam email
and�or unemployment concerning
Washington state

email for reporting unemployment
scam
[Clicks on Department of Labor and
FTC sites]

Find email for knowing�reporting Nigerian
scam and�or unemployment concerning
Washington state

contact for reporting unemployment
scam
[No clicks]

��� INTELLIGENTAGENT SCENARIO
Now we will envision a scenario with a futuristic intelligent agent� You can imagine
the following conversation happening with that agent over voice modality using a
smart speaker� a smartphone� or some other device that is yet to be invented�

User� I think I would like to go do some outside activity today� Do I need
to wear a face mask if I go running?
Agent� It depends where you are running� but if you are concerned about
safety and still want an outdoor activity�may I suggest biking?
User� Oh�� ya� sure� that could work� Do I need to know anything?
Agent�While you don’t need to wear a mask while biking� you should still
bring one with you� There is also a chance of some rain showers� so plan
for that� And yes� de�nitely carry some water�

Now let us see what may be going on here� There are four distinct features that
we see the agent exhibiting�

• Understanding the intention behind a user seeking information� The agent un-
derstands that the user wants to do outdoor activity while being safe�� This un-

�Note that this example of was created at the time of the COVID-�� pandemic�when face masks were required
for many public activities to reduce the spread of the virus�
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derstanding leads to the agent being able to make other recommendations than
simply answering the asked question�

• Addressing “people don’t know what they don’t know�” The user asked “what
do I need to know if I go biking?”� indicating their lack of knowledge about even
what may be the right questions to ask� This often happens in human-human
interactions�However� our current systems are not good at handling such ques-
tions� Here� the agent understands the situation (task)� as well as the intention
behind that question and responds with relevant suggestions�

• Zero-query recommendations� The user does not ask about weather� but the
agent deems it important to convey that information as it may a�ect the outdoor
activity� Also� given the nature of the activity (biking)� the agent also recom-
mends carrying water� These are examples are zero-query recommendations�
in which an answer is provided without there being a clear question� Again� do-
ing something like this requires a deep understanding of the situation (task)� the
user� and their intentions�

• Proactive recommendations� The conversation starts by the user asking a ques-
tion about running� but rather than completely answering that question� the
agent makes a di�erent suggestion (biking)� which turns out to be a better one�
This is a case of the agent being proactive� In order to go beyond the user’s need
(at least the expressed need) and provide a relevant and compelling answers or
recommendations� an agent needs to be able to understand the purpose behind
the potential task� the user’s intention behind asking a question� and the world
knowledge about how di�erent tasks are executed�

In short� in order to create an intelligent agent like the one envisioned in the
scenario above� we need to bring in the following capabilities�

• Abstracting out from a query or a question or even an observation to the task
and�or context�

• Leveraging world knowledge about public health guidelines and mask man-
dates�

• Generating recommendations based on that task�context and weighing if that
would be better than query�question-based recommendation�

• Learning how to do a task�

As you can see�much (not all) of what we need to do revolves around tasks�This
is just a simple example of a short conversation� Imagine having discussions (and even
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debates) about health� politics� and more� Imagine carrying out such conversations
across multiple sessions� multiple devices� and even involve multiple people� There
are tremendous possibilities here for a giant leap for IR systems�Webelieve at its core
is the notion of task and ways to capture� represent� and address it� This book is in-
tended to get you started on that journey� Before we go forward� let us see where we
are� There has been considerable attention given to task-based search and recom-
mendation in the recent years�which we will discuss in the next chapter� There have
also been several community events in this space� indicating the growing interest and
scholarly outcomes�

��� RECENTEVENTS AROUND TASK-BASED IR
Several workshops have been held in the space of task-based IR�Manyof thesework-
shops have focused on search interactions� searcher intents and tasks in information
search� including ACM SIGCHI ����workshop on End-user Interactions with Intel-
ligent Systems [���] organized by Simone Stumpf�Margaret Burnett� Volkmar Pipek�
andWeng-KeenWong� and the Second Strategic Workshop on Information Retrieval
in Lorne (SWIRL) [�]� In ����� Birger Larsen� Christina Lioma� and Arjen de Vries
organized the Task-based and Aggregated SearchWorkshop [���]�which focused on
the challenges of task-based and aggregated search such as� the mismatch between
search interface and specialized task-based functionalities� the lack of homogeneous
systems to support di�erent tasks� and so on� One of the signi�cant contributions of
this early workshop was that it identi�ed how and to what extent domain-speci�c
search and recommendation systems could be developed to support task level ac-
tivities� Participants also discussed how a search system should be modi�ed in order
to provide better support for task-based search� In the same year� Nicholas Belkin�
Charles Clarke� Ning Gao� Jaap Kamps� and Jussi Karlgren organized the ACM SI-
GIR ���� workshop entitled “Entertain Me” Supporting Complex Search Tasks [��]�
The interactive workshop brought together researchers from di�erent backgrounds
focused on fostering potential solutions to problems faced by searchers with com-
plex information needs� Aiming to support searchers during their entire search ses-
sions when interactively solving a complex task� the workshop explored many as-
pects of interactive information systems such as complex search episodes� queries�
exploratory search� understanding of search context� and �nally� how to incorporate
task and searcher context into an information system�

In an ACM SIGIR ���� workshop onModeling User Behavior for Information
Retrieval Evaluation [��]� participants examined ways to model search intent based
on queries�Theyalso identi�ed problemswith the use of queries as a proxy for search
intent and brainstormed better solutions� In the �rst and second workshops on Sup-
porting Complex Search Tasks organized by Maria Gade� Mark Hall� Hugo Huur-
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deman� Jaap Kamps� Marijn Koolen� Mette Skov� Elaine Toms� David Walsh [���]�
and Nick Belkin� Toine Bogers� Jaap Kamps� Diane Kelly� Marjin Koolen� and Em-
ine Yilmaz [��] respectively in ���� and ���� also prepared to initiate an interdis-
ciplinary dialogues among researchers from information retrieval� information be-
havior� human-computer interaction� and computer science addressing many task-
related open research questions� Participants tackled issues related to six aspects
of information seeking – context� tasks� heterogeneous sources and search process�
user interfaces (UI) and user experience (UX)� and evaluation of systems� The work-
shops were helpful in fostering new collaborations among di�erent communities to
address these issues�

A more recent workshop hosted at ACM WSDM ���� entitled Learning from
User Interactions [���] and organized by Rishabh Mehrotra� Ahmed Awadallah� and
Emine Yilmaz� focused on task-based intelligent systems�more speci�cally at six re-
lated topics – user needs and tasks understanding� user modeling and personaliza-
tion�metrics and evaluation� user interaction processes and context� intelligent inter-
face design and applications� The workshop attracted participants from IR� human
factors� ubiquitous computing� data mining� and other related domains� The ACM
WSDM ���� Task Intelligence Workshop [���]� organized by Ahmed Awadallah�
Mark Sanderson� Cathal Gurring� and Ryen White� focused on various topic related
to tasks in the context of system development including areas such search assistance�
personalization� and recommendation�

Finally� we delivered a tutorial on this topic at SIGIR ���� conference [���]� It
was well-attended despite (or due to) the conference being virtual�

��� SUMMARY

In this chapter� we saw how task is or can be a core notion in an intelligent search or
recommendation system� The idea that task is important to understand is not new�
but most IR systems were built on the assumption that if we cater to individual re-
quests well�wewould be helping the information seekers accomplish their tasks too�
Here we saw that not only that assumption can be �awed� but wemay also be missing
some wonderful opportunities to build truly intelligent search and recommendation
systems�We saw this through a couple of scenarios with search system and a futuris-
tic intelligent agent� In all�we hope you are convinced at this point that for a number
of reasons� task-based IR is worth pursuing� The rest of the book is meant to provide
a foundation for just that� The following are the speci�c objectives to be addressed
in this book�

• Recognize situationswhere task knowledge can be useful in ful�lling a person’s
need and in helping them complete their current task�
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• Discuss variousmethods to extract task information (both from log data and in
real-time)� including the topic (what)� people’s strategies and processes (how)�
and their intentions (why)�

• Describe various types of task support o�ered by search engines� digital assis-
tants� and task management applications�

• Outline di�erent evaluation metrics for assessing the performance of task-
based search and recommendation systems�

• Identify challenges and opportunities in making progress in this area and the
role that the IR community can play�

We will begin in the next chapter by asking how IR scholars have studied task
so far – speci�cally� extracting task information and representing that information�
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Task Frameworks�
Expressions� and
Representations

Before we take a deep dive into how task information is extracted and used in IR� it
is important to review some background� This chapter covers how the notion of how
task �ts into a broader view of IR (search and recommender systems� speci�cally)�
along with how it has been positioned and studied over the years in the literature�
The chapter also provides pointers to some of the relevant events in the recent past
in this space�

��� HOWIS TASK STUDIED IN IR?

Rooted in cognitive perspective� task-based approach in information seeking and
retrieval emerged within the interactive IR (IIR) community with studies conducted
byVakkari [���] and Ingwersen and Järvelin [���]�which consider tasks in the design
of IR systems to �nd out forwhat purposes the system is used [���] and thus provides
implications for IR system design to personalize information according to the task
at hand� Based on a series of empirical works� Vakkari [���] developed a general
framework of task-based information searching which consists of three stages� pre-
focus� focus formulation� and post-focus�

Many early works investigated and identi�ed various aspects of task and espe-
cially the interactive nature of search tasks� Bates’ [��] berrypicking model showed
the interactive process of searching� The aim of task-based studies is to investigate
the relationships between task characteristics and information seeking behaviors by
recognizing and understanding the nature of di�erent tasks and goals and design-
ing IR systems which can support the accomplishment of a variety of such tasks and
goals� Here� the task is a multi-level information seeking process in which people
need information to achieve a goal to ful�ll the task (e�g�� [��� ���� ���� ���])�Many
existing task models (e�g�� [��� ���� ���]) have investigated and identi�ed searchers’
tasks as static and overarching goals that motivate search actions� but as we will see
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later� this is not always desired as the task evolves with time and changing cognitive
states in the searcher�

Conversely� di�erent characteristics or facets of tasks [���] in�uence people’s
interaction with intelligent systems� for example� when a searcher searches for in-
formation using a search engine [���]� Search tasks are in�uenced by the work task
or everyday life task that drives them to seek information or are associated with a
problematic situation [��]� Also� accomplishing more complex tasks requires more
complex actions that are manifested throughout the session because complex tasks
take longer to complete or require more queries [��� ���]�

Apart from task� existing studies in IR segment information seeking behaviors
into various levels of explicit and implicit signals�While performing tasks� searchers’
actions are also driven by intentions and can be well-de�ned or ill-de�ned [���]�
These studies have indicated that there is a close association between searchers’ per-
formance of a task and the information need� the search strategies employed� and the
assessment of document relevance and utility�

Thus� an understanding of searchers’ information seeking goals at the task level
is essential to improve intelligent systems because di�erent searchers have di�erent
needs and intentions� they face di�erent problems in di�erent situations�The useful-
ness or relevance of the information for a searcher may vary based on that searcher’s
speci�c situation or the context in which the information is needed or used� As the
information searching session progresses� a searcher interacts with new information�
whichmay change their state of knowledge� thus changing their needs and usefulness
of documents� As a result�without considering the evolving nature of dynamic tasks�
the recommendations provided by a search system may not be useful to a searcher
in their current situation�

Recent industrial recommendation systems have relied heavily on large scale
user logs to obtain contextual information and build recommendation models� Rec-
ommendation models fall into one of the three categories – collaborative �ltering�
content-based �ltering� and a hybrid of them� Collaborative �ltering is a type of ex-
ploratory method which makes automatic �ltering of information based on clusters
of user characteristics and interests [���]� The underlying assumption of the collab-
orative �ltering approach is that if a certain number of users have similar interests�
then another user is more likely to have their opinion for a given item� The content-
based �ltering is an exploitative approach which uses only attributes of the items
a user has previously consumed to model that user’s preferences [���]� This algo-
rithm tries to recommend items that are similar to those that a user liked in the past�
However� each of these two methods has some limitations� for example� collabora-
tive �ltering performs poorly for cold-start problems� and a content-based approach
is prone to sparsity problems� There is another approach that has recently been fa-
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mous and more accurate – a hybrid method� which is essentially a combination of
both collaborative and content-based �ltering approach [��]�

In recent years� advanced machine learning and deep learning model-based
recommendations have made enormous progress and somewhat succeeded in solv-
ing recommendation problems [��]� By extracting meaningful latent factors from
highly diverse and complex heterogeneous data� deep learningmodels such asmatrix
factorization� auto-encoders�memory networks� neural networks with collaborative
�ltering can achieve better recommendations [���� ���]� Furthermore� incorporat-
ing structure-based or feature-based knowledge graphs with a sequential learning or
alternative learning approaches into a recommendation system have been shown to
improve its performance [���]� Reinforcement learning-based approaches leverage
feedback generated from people’s continuously evolving interactions with the sys-
tem� along with historical data� to generate recommendations [���]�

However� various attributes of people and their interests used by sophisticated
learning methods cannot fully capture contextual information about searchers� their
search situation� the nature of the search task� etc�� thus limiting the e�ciency of
recommendations based on these features� An e�ective intelligent system should in-
corporate searchers’ short-term and long-term search goals� along with continually
shifting user feedback data over a whole search session� while providing relevant in-
formation�Despite some progress in this area� there are still a lack of workable meth-
ods to connect prede�ned� static task properties and the dynamic transitions of task
states�

Beyond search� tasks permeate almost every aspect of our daily work and per-
sonal lives [�]� They involve di�erent activities� have di�erent constraints� and take
di�erent amounts of time to complete� Some tasks can be completed quickly� while
others take much longer� sometimes spanning several days or weeks� Task manage-
ment applications such as Microsoft To Do� Google Tasks� and Todoist help people
track their pending and completed tasks� Studies have found that users of these and
similar systemswould bene�t from assistancewithmanyaspects of taskmanagement�
especially task planning [��]� Scheduling and prioritizing tasks are both challenging
[���]� There has been some recent progress in task intelligence� in areas such as
discovering digital assistant capabilities [���]� estimating how long tasks will take to
complete [���]� and automatically tracking task status over time [���]�

��� EXPLICIT EXPRESSION OFTASKS
While most of the prior research we �nd in the IR literature and most of how we
would cover task in this book are around the idea of task being implicitly contained
in user actions or intentions� there are times when the user explicitly expresses their
task� This can be seen typically in taskmanagement applications� such as those men-
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tioned above� Before we look at implicitly expressed tasks and ask questions about
how to extract and represent those tasks� let us look at a more direct representation
of user tasks – in to-do lists� Later in this book (Section ���)� we will see how such
tasks can be connected to search�

Tasks in to-do lists can be divided into two broad categories� actionable and
non-actionable� An actionable task is something that one can readily act on� Ex-
amples include “buy a backpack�” “�nd a new doctor�” and “milk” in a grocery list�
Non-actionable tasks are typically lists of things that serve as reminders or a way of
notetaking� Examples include a list of books to read� and things to bring on a camp-
ing trip� They also include intangible� vague� or overly broad things� such as “make a
di�erence�”

Studies of to-do tasks have focused on task management� including how peo-
ple plan and organize their tasks [��]� The recent availability of large-scale logs has
enabled methods such as task duration estimation [���� ���]� task completion de-
tection [���]� and enhancing noti�cations to maximize completion [���]� Systems
have supported task completion by allowing users to focus on tasks requiring human
intervention [��� ���] or by generating action plans [���]� Stumpf et al� [���] and
Kiseleva et al� [���] explore methods to understand people’s task intent and provide
the resources required to complete those tasks� albeit not focused on to-do tasks and
the connection between such tasks and search�

��� IMPLICIT EXPRESSION OFTASKS
A substantial portion of IR literature that deals with task is devoted to tasks being
implicitly present in user actions� behaviors� or intentions� This notion creates chal-
lenges and opportunities� How do we explicate those tasks? How do we represent
them? Are there speci�c number of tasks? Do tasks need to be well-de�ned or can
they be ‘fuzzy’? If we have a representation for a task� how do we use it in an IR ap-
plication? In the coming chapters�wewill address these questions through a series of
case studies� But for now� let us seek to better understand how implicit expression of
tasks is studied in IR�We will divide up our discussion in various sections that group
these studies into di�erent ways to think about a task�

����� TASK LEVELS
According to Byström and Hansen [��� ��]� task contexts in information practices
can be represented by a nested model consisting of three levels (from outer level to
inner level)� work task� information seeking task� and search task (see Figure ���)�
Speci�cally� work tasks are separable parts of a person’s duties in his or her work-
place [��]� Note that not every sub-task within a work task can be transformed into
an information seeking task� In many cases� some parts of a work task need system
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and human supports that are beyond the capacity of search systems (e�g�� writing a
dissertation proposal)� In addition to the tasks generated in workplaces� everyday
life tasks that emerge from non-work scenarios can also lead to active information
seeking and searching practices (e�g�� search for and book a hotel for travel) [�]�

Figure ���� Byström and Hansen’s model of task levels [��]�

Information seeking tasks are a central component of information-intensive
work tasks and may be deconstructed into general stages� including task construc-
tion� task performance� and task completion [��]� To identify the implicit informa-
tion seeking task(s) within a work task� people need to analyze the information that is
needed as well as the availability of various information resources and supports� This
analysis is in�uenced by both work task properties and the task performer’s knowl-
edge and experience of using information resources�

Information search tasks focus on the satisfaction of a separable fraction of an
information need through a single consultation of a source or sources (especially
search systems) [��]� Many facets of a search task are signi�cantly a�ected by the
corresponding properties of the overarching work task [���]� Due to the integration
of search support and general arti�cial intelligence�many recently developed intelli-
gent systems (e�g��Google Assistant� Amazon Alexa) seek to go beyond simple search
tasks and to directly support actions of di�erent types in information-intensive work
tasks (e�g�� estimate task duration and arrange schedules [���]� provide conversa-
tional guided task support [���])�

In addition to Byström and Hansen’s nested model of task [��]� Xie [���] also
explored the multilevel nature of user goals and tasks and developed a four-level
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hierarchical framework of goals� including long-term goals (e�g�� users’ personal in-
terests)� leading search goals or work tasks� current search goals (current information
seeking and search tasks)� and interactive intentions (things that a user wants to ac-
complish in local steps or stages of search)� This four-level typology covers a wide
range of user goals and tasks (from long-term task-independent goals to local goals
behind speci�c search tactics) and was veri�ed by a series of user studies [���� ���]�

To fully understand the role of tasks� it is also important to explore the value
and impact of information seeking and searching that go beyond speci�c task con-
texts� Although many information seeking episodes are driven and shaped by tasks
of di�erent levels� it does not mean that the in�uence of information seeking and
searching is restricted within the immediate task contexts� Instead� many informa-
tion seeking and search tasks actually serve as the opportunities for users to enhance
the metacognitive� information-literate skills that are often required for long-term
learning and critical thinking [���] and to adjust their respective cognitive spaces
and images of the external world [���]� Therefore� when conceptualizing and ex-
amining tasks in human-information interaction� researchers need to consider both
task-centric factors and learning-centric elements�The investigation of di�erent lev-
els of tasks (including the long-term� learning-oriented aspect that goes beyond im-
mediate task scenarios) can generate distinct focuses and metrics for search system
evaluations�

����� TASK FACETS
To gain a comprehensive understanding of the impacts of tasks on information seek-
ing and search behaviors at multiple levels� information seeking and IIR researchers
have explored a variety of task dimensions or facets and sought to classify tasks on
the basis of one ormultiple dimensions� Focusing on di�erent dimensions or task tax-
onomies� previous research has examined the impacts of task facets on search inter-
actions from di�erent perspectives� For instance� Liu et al� [���] and Jiang et al� [���]
examined the associations between user behaviors and objective task features (i�e��
task product� task goal� task type) and discussed to what extent these behavioral fea-
tures can help disambiguate search tasks of di�erent types� Capra et al� [��] found
that manipulating task a priori determinability via modifying task items and dimen-
sions can signi�cantly a�ect users’ perceived task di�culty and choices of search
strategies�

With respect to task-user combined features� Wildemuth [���] argued that in
task-based information search� users’ search tactics are in�uenced by their domain
knowledge related to task topics� Liu et al� [���] demonstrated that both whole-
session level and within-session search behaviors are a�ected by task di�culty� and
that the dynamic relationships between search behavior and task perception are sub-



���� IMPLICIT EXPRESSION OFTASKS ��

ject to the in�uence of task type (i�e�� single fact-�nding� multiple fact-�nding� and
multiple-piece information gathering)� Similarly� Aula� Khan� and Guan [��] also in-
vestigated search behavioral variations under tasks of di�erent levels of di�culty�
By conducting a lab study and a large-scale online study� they found that when per-
forming di�cult search tasks� users tend to issue more diverse queries (have a more
unsystematic query re�nement process)� use advanced operators more frequently�
and spend longer time on search engine result pages (SERPs) during their search pro-
cesses�

Given that many IIR studies only examine one or a few task dimensions� Li
and Belkin [���] developed a faceted approach to conceptualizing tasks in IR based
on related literature on task classi�cation as well as their empirical studies on task-
based information searching [���� ���]� The faceted framework provides a holis-
tic approach to exploring the nature of tasks and conceptually supports a series of
empirical studies on task-based search interactions� Several of the case studies later
presented in this book will use this particular framework of task facets�

����� TASK STAGES
Task process is one of the facets of the task entity [���]�Di�ering from the static task
properties (e�g�� prede�ned task goal� task product)� however� task process speaks to
an alternative approach to understanding the nature of tasks�When conceptualizing
tasks from the process-oriented perspective�we are essentially looking at the process
of doing tasks� The core argument behind this perspective is that in the context of
information seeking and searching�we cannot de�ne or study a taskwithout examin-
ing how the task was actually completed (or failed)� Therefore� to fully understand a
task� we need to explore both the objective task features and users’ responses to the
evolving task environments at multiple levels (e�g�� behavioral� cognitive� emotional)�

In the information seeking and IRcommunities� a series of classicalmodels have
been developed and applied to describe the general process of performing informa-
tion seeking and search tasks�Many of these models mainly focus on the behavioral
aspect of task process and look at the transitions of information seeking and search
actions� For instance� to describe the general process of information seeking� El-
lis [��] studied the information seeking patterns of academic social scientists and
broke it down into six characteristics� starting� chaining� browsing� di�erentiating�
monitoring� and extracting� Wilson [���] suggests that in some circumstances� El-
lis’ “characteristics” can be organized as a sequence of information seeking stages in
a process model� Ellis’ model clearly identi�es the features of information seeking
patterns and has been modi�ed and tested based on empirical studies (e�g�� [��� ��])�
However� this model only describes the behavioral level of task-based information
seeking� It does not consider the interaction between the information seeker and
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the multi-dimensional context in which task states and information seeking activi-
ties evolve�

Figure ���� Kuhlthau’s Information Search Process (ISP) model [���]�

Given the multidimensionality of information seeking activities� Kuhlthau’s
work complements that of Ellis by attaching to the stages of the “Information Search
Process” (ISP) the associated a�ective states (e�g�� uncertainty� sense of direction)�
cognitive states (e�g�� vague� focused) and actions [���� ���] (see Figure ���)� Simi-
lar to Ellis’ framework� Kuhlthau’s ISP model has also been tested in many empir-
ical studies conducted in library and educational contexts (e�g�� [��� ���� ���])� In
addition� Kuhlthau [���] also proposes the principle of uncertainty that states that
information commonly increases uncertainty in the early stages of the information
seeking and search process� The increased uncertainty indicates a space for interac-
tive systems to provide in-situ interventions and task-centric support� The concept
of uncertainty in the ISP connects the a�ective level and the action level of infor-
mation seeking and is also associated with certain cognitive states and problems in
human-information interaction� such as anomalous state of knowledge in interac-
tive information retrieval [��] and cognitive gap in the sense-making process [��]�
Kuhlthau’s ISP model is a useful tool for describing and qualitatively explaining the
stages of information seeking at multiple levels� However� it o�ers limited insights
for understanding the variations in task states and behavioral changes within infor-
mation search sessions� This is because the ISP model was developed in the context
of long-term learning and information seeking tasks� and described the stages over
month(s)-long periods rather than individual search sessions�

In the IR community� several models and techniques have been developed to
describe and explain di�erent aspects of tasks and search activities� Oddy [���] de-
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veloped the THOMAS program for supporting users’ dialogues with IR systems� This
considers the shift in users’ needs and emphases during search interactions and ad-
justs its information displays according to users’ needs and reactions or judgments
to the retrieved information� In contrast to the traditional relevance feedback model
[���]�which assumes that users’ information needs are static (the only improving part
is query formulation)� the THOMASmodel o�ers more room for users to express and
shift their focuses during search iterations and the associated learning processes�

Figure ���� Bates’s model of berrypicking� evolving search [��]�

Another seminal model in the literature is the berrypickingmodel byBates [��]�
proposed to describe the process of information searching� Bates argued that the
classical single-query� best-match model cannot capture the interactive� evolving
nature of information search tasks (see Figure ���)� In the berrypicking model� the
nature of queries is an evolving one� instead of single and static� Also� the search
process follows a berrypicking� evolving process� rather than a linear sequence of
steps leading to a single best retrieved set of relevant documents� In contrast to the
traditional single-query model of ad hoc IR� the berrypicking model illustrates the
interactive process of information searching and has been empirically supported by
many task-based studies in the information seeking community [��� ���� ���� ���]�
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Spink [���] developed a multi-level model of search and identi�es user judg-
ments� search tactics� interactive feedback loops� and cycles as constituting the
search process of an IR system user in tasks of di�erent types� Based on Kuhlthau’s
ISP model as well as a series of empirical studies� Vakkari [���] proposed a gen-
eral framework of task-based information searching� which consists of three task
stages� pre-focus� focus formulation� and post-focus� His studies also indicate that
there is a close association between the participants’ problem states in task perfor-
mance and the information need� the search tactics employed and the assessment
of document relevance and utility� Belkin [��] proposed a conceptual model that
represents session-level information seeking episodes as a sequence of users’ iter-
ative interactions with an interactive search system and the retrieved information
objects (e�g�� search result snippets� documents) (illustrated in Figure ���)� The focus
of Belkin [��]’s search session model is a user-centered search interaction that varies
over time under the in�uence of task(s)� goal(s)� and an evolving problematic situa-
tion� Although Belkin [��] did not specify the states and state transition patterns in a
search session� he clearly emphasized the basic ideas of modeling temporal changes
in search interactions and developing dynamic support for users according to search
task properties�

Figure ���� Koenemann and Belkin’s model of user-centered search interaction
[���]�
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The classical models discussed above are widely applied in describing the pro-
cess and stages of tasks� information seeking and searching�However�most� if not all
of them� o�ers limited implications for building computational frameworks of task
processes and designing practical� dynamic supports for complex tasks at di�erent
moments�

To address this issue� some researchers have developed computationally-
congenial models for representing task states or stages� simulating task-based search
interactions� and evaluating recommendations of di�erent types� For instance� Cole
et al� [��] investigated user activity patterns in tasks of di�erent types and demon-
strated that task types and levels of task di�culty can be represented and disam-
biguated by the sequence and distributions of user activity states (derived from page
visiting behaviors) and cognitive processing states (approximated using eye move-
ment patterns)� Similarly� Dung and Fuhr [��] adopted both discrete and continuous
search behavioral signals and developed a Hidden MarkovModel (HMM) for recog-
nizing the search phases and analyzing the transitions among them�

To develop an e�ective formal model of search interactions� Fuhr [���] pro-
posed a framework for extending probabilistic IR to the IIR context and representing
users’ situation transitions and choices at di�erentmoments of information searching
episodes�He found that within the proposed cost model of interaction� the expected
bene�t of a single choice can be maximized�which forms the basis for the derivation
of the optimumordering of choices (i�e�� the probability ranking principle for interac-
tive IR� or IIR-PRP)�The IIR-PRPmodel serves as an important step towards building
a computational framework for supporting the functional design of interactive search
systems�However� this model abstracts out a variety of user characteristics and lacks
e�ective representations of the task states and associated cognitive variations�

��� COMPLEX SEARCH TASKS
As it is discussed in the previous sections� an important area of IIR research involves
understanding and measuring the impacts of task facets on search behaviors� expe-
riences� and performances� Task complexity is one facet that has received consid-
erable attention� Understandably� most of the works in the literature that we �nd
around tasks either assume or explicitly suggest dealing with complex tasks� Going
through a process of explicating� representing� and applying task informationmaynot
be advantageous for simple tasks� Besides�most existing IR systems are already quite
e�ective dealing with simple requests or tasks�

Based on di�erent task properties� researchers have developedmultiple frame-
works to de�ne task complexity in the context of information seeking and searching�
For instance� Byström and Järvelin [��] studied the impacts of work task complexity
on information seeking and use and developed a �ve-class complexity framework�
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Based on a qualitative investigation� they found that in complex tasks� the intentions
of understanding� sense-making and problem formulation are essential and require
di�erent types of information through a variety of information sources at di�erent
points of information seeking episodes�

Kelly et al� [���] explored the cognitive complexity of tasks and adopted
Bloom’s taxonomy of learning domains [��] in characterizing di�erent levels of
search task complexity� Their results indicate that complex search tasks (e�g�� an-
alyze� evaluate� create) required signi�cantly more search activities from users (e�g��
more issued queries� clicks� and dwell time on visited pages and documents)� Ghosh�
Rath� and Shah [���] employed Kelly’s framework of task complexity in their user
study on searching in learning-oriented tasks� They found that tasks of di�erent cog-
nitive complexities varied signi�cantly in information search patterns (the transitions
of search tactics) and learning performances�

Capra et al� [��� ��] used tasks a priori determinability (i�e�� the level of uncer-
tainty about task outcomes and processes) as a representation of task complexity and
argued that the variations in needed items and the clarity of dimensions for result
evaluation can signi�cantly a�ect the overall task determinability�

Liu et al� [���] extracted twomajor static task facets� task product and task goal�
from Li and Belkin’s faceted framework [���] and used the combination of these two
facets to represent and measure task complexity� They found that tasks of di�erent
levels of complexity (e�g�� factual-product� speci�c-goal tasks� intellectual-product�
amorphous-goal tasks) can be represented by di�erent patterns of local information
seeking intentions in search iterations and search actions� Sarkar et al� [���] also
represented task complexity using the unique combinations of task product and task
goal and investigated the patterns of the search problems that users encountered
during task process� They found that in tasks of varying levels of complexity� users
encountered di�erent search obstacles� preferred di�erent support from systems�
and adopted distinct search strategies�Moreover� this di�erence in task complexity�
encountered problems and preferred system help can to some extents be inferred
from users’ search behaviors�

The last fewyears have seen the information seeking and IRcommunities tackle
more complex search tasks that involvemultiple rounds of distinct search actions and
active transitions of cognitive states [��� ���]� Many of the existing studies repre-
sented di�erent levels of task complexity using one (e�g�� task determinability� com-
plexity of learning goals) or more (e�g�� combinations of task facet values) static task
features and revealed some of the behavioral e�ects of complex search tasks� How-
ever� there has been little data-driven work representing complex tasks as sequences
of cognitive and behavioral states in forms suitable for computational modeling� As a
result� we still lack an e�ective approach to exploring the connections between pre-
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de�ned� static task properties and the distribution and dynamic transitions of multi-
dimensional task states� This analytical approach is critical� especially for developing
adaptive search systems that can go beyond simple� static task properties and support
users according to their current task states (i�e�� reactive support [���]) or even the
prediction of their subsequent states (i�e�� proactive supports [���])�

��� REPRESENTING TASKS

E�orts in understanding user needs and tasks are not new [��]� however� task infor-
mation extraction and representation have remained a challenging problem as tasks
can be de�ned at di�erent granularity levels and vary by users� Past studies have clas-
si�ed tasks into many types based on various task features� for example� closed tasks
and open-ended tasks [���]� speci�c and general tasks [���]� factual� descriptive� in-
strumental� and exploratory tasks [���]� fact-�nding and information gathering tasks
[���]� and tasks to learn about a topic� make a decision� �nd out how to� �nd facts�
and �nd a solution [��]� Li and Belkin [���] provided a comprehensive classi�cation
scheme�which includes several dimensions such as task product� objective complex-
ity� subjective complexity� and di�culty�

Another large body of research has focused on the problem of segmenting and
organizing large user search logs into semantically coherent structures to identify
users’ tasks and search contexts� Many of these studies have de�ned an in-session
search task as an atomic information need resulting in one or more queries [���]�
Most previous work has focused on users’ search behavior analysis and prediction
within a single search session� where a session refers to a sequence of search activi-
ties ended by a prolonged period of inactivity [���]�Many studies have extracted in-
session tasks [���� ���] while others have identi�ed cross-session tasks [���� ���]
from query sequences in search logs based on various classi�cation and clustering
methods� The cross-session task consists of a sequence of queries that resembles a
distinct� high-level information need� Also� most prior research has focused on seg-
menting chronologically ordered search queries into higher-level search tasks�Many
recent works have also investigated multi-session information needs� called search
tasks [��� ���� ���� ���� ���]�

In contrast� previous research has relied on the varied de�nition of tasks
[���� ���]� In most cases� search tasks consist of many di�erent yet related needs
or goals that require di�erent sets of queries to ful�ll those di�erent multi-aspect in-
formation needs� Such tasks are de�ned as complex search tasks [��� ���]� Complex
tasks often tend to have multiple sub-tasks associated with them� and search logs
can be visualized as complicated compositions of tasks and sub-tasks� with complex
search tasks decomposed intomore focused sub-tasks�More recently�Mehotra et al�
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[���� ���] have proposed two Bayesian non-parametricmethods to extract sub-tasks
from a complex task and recursively extract hierarchies of tasks and sub-tasks�

Session identi�cation within a search process is a common strategy used to de-
velop macro-level task representations [��� ���� ���� ���� ���� ���]� Sessions pro-
vide a look beyond individual queries� preserve semantic associations between query
trails� andmaintain user activity context� Strategies for session identi�cation from log
data have been extensively studied� Initially� studies have used content-based fea-
tures [���] such as the lexical content of queries for determining the topical change
in the sequence of query formulations� Temporal features [��] have also used to seg-
ment sessions� such as identifying the inactivity threshold between logged activities
and used that time to separate sessions� Later [���] combined twomethods and used
a ��-minute timeout together with query similarity measures to de�ne sequences of
similar queries that combine to form query chains within a session� In two di�erent
studies�Cao and colleagues [��� ��] analyzed and represented search context similar
to task representations bymodeling sessions as sequences of user queries and clicks�

A majority of recent task representation works have explored query contents
and other query-related features to model tasks from search logs� Jones et al� [���]
tried to extract tasks based on query terms� query reformulations� click entropy�
URL domain clicked� query length� post-click actions� session lengths� Radlinski et
al� [���] investigated tasks based on query reformulations and clicks using random
walk on the bipartite query-document click graph� Lucchese et al� [���� ���� ���]
exploited session-based queries and the knowledge collected by Wiktionary and
Wikipedia for detecting query pairs based on semantics and propose several clus-
tering algorithms and a novel e�cient heuristic algorithm for extracting tasks from
a given query collection� They clustered queries by dropping query-pairs with low
weights� In another study� Lucchese et al� [���] explored the concept of related
tasks using a “task relation graph” as a representation of users’ search behaviors on a
task-by-task perspective�Wang et al� [���] adopted a structured learning approach in
partitioning tasks by separating query sequence based on latent features (e�g�� query-
based features� query term cosine similarity�URL-based features� Jaccard coe�cient
between clicked URL sets� session-based features� same session and the number of
sessions in between)� They tried to identify search tasks based on clustering queries
into tasks by �nding the most vital link between a candidate query and queries in the
target cluster�

Conversely� Blei et al� [��] took a topical similarity approach to cluster queries
based on similarities between query topics to identify tasks� Their model assumed
that two queries belong to the same search task if they issued in a �xed or �exible
time period and used Latent Dirichlet Analysis (LDA) to cluster queries into topics
based on the query co-occurrences within the same time-frame� Li et al� [���] also
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modeled temporal query patterns using Hawkes processes and combine the topic
model with Hawkes processes to identify and label search tasks� They assumed that
queries that are temporally proximal belong to the same task� and di�erent users
with the same information needs tend to submit topically coherent queries� Verma
and Yilmaz [���] tried to identify entities and cluster of terms related to entities in
queries (e�g�� using tagging� TF-IDF scoring� term �ltering� category terms) to rep-
resent a task as a set of terms related to an entity� Assuming hierarchical structure
of search process� Mehotra et al� [���� ���� ���� ���� ���] extracted tasks and re-
lated sub-tasks using Bayesian Rose Trees where each node of the tree represents a
task� and each task represents a set of queries and task partition based on query-term
similarity (cosine similarity between term sets of the queries� proportion of common
terms between queries� Jaccard coe�cient between terms of queries) URL-based
similarity (the edit distance between URL pairs from the queries� Jaccard coe�cient
between URL sets from the queries)� session�used based similarity (if the two queries
belong to the same user and�or the same session)� and embedding-based similarity
(cosine distance between embedding vectors of the two queries)� In another study�
Mehotra and Yilmaz [���] employed a graph-based query-clustering approach based
on �nding weighted connected components of a graph� From a di�erent perspective�
Craswell and Szumner [��] identi�ed tasks based on randomwalks on click graph be-
tween queries and documents� All of these e�orts have led to promising� but often
limited to certain domains or task types� results� Further development� testing� and
re�ections are needed to see how well we can recognize and integrate tasks in IR
situations�

��� SUMMARY
As it should be evident from this chapter� task-related scholarship has had a long
and profound history in IR and related �elds� We saw how task is studied in vari-
ous conceptualizations and frameworks for addressing information needs of a user�
There have been several di�erent frameworks for conceptualizing tasks�Often these
frameworks allow us to understand a task after it has happened rather than as it hap-
pens�While this retrospective analysis is useful� it limits us from having meaningful
information about a task in real-time to use in an IR application� Nonetheless� this
perspective has been quite fruitful in the literature� Often� scholars use such frame-
works to design tasks for their interactive IR studies�

It is important to note that when it comes to representing tasks� the frameworks
or taxonomies that have �nite facets or stages have clear advantages and disadvan-
tages� Due to their speci�city� they provide us clearly interpretable and explainable
representations of tasks� They also make it easier to build models (e�g�� classi�ers) as
we will see in Chapter �� Conversely� such structured representations of tasks limit
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our ability to capturemore variety of tasks inmore contexts�There are also situations
where a clear construct of task is not given or even needed� forcing an underlying sit-
uation to a prede�ned notion of task could hinder our ability to go beyond what the
said construct or framework allows� Later in this book� speci�cally in Chapter �� we
will cover constructing task representations that are built with the available data and
the knowledge of the situation rather than a speci�c framework with �nite stages or
facets�
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C H AP T E R �

Using Task Construct in IR
Aswe saw in the previous chapter�many scholars have argued for decades that know-
ing about and using task information in an information interaction is essential for truly
supporting the user and personalizing content and recommendations� Understand-
ing and utilizing task knowledge goes beyond better personalization� it becomes an
essential tool to help people discover information that they do not often know how
to ask for – addressing the challenge of knowledge gaps or “people don’t knowwhat
they don’t know�”

This chapter will show how� over the decades� the notion of task has been pro-
posed� investigated� and used in various IR works� This includes multiple ways to
think about task� integrate it in studying an IR situation� and �nding ways to incor-
porate task knowledge to support various user activities�More importantly� through
two case studies�we will see how the task construct can be used in studying IR situa-
tions�The �rst case studywill describe e�orts to understand howdi�erent task types
contribute to source selection and search outcomes� It starts by showing how di�er-
ent task types are accounted for in an interactive IR study– not as a way to study task
type e�ects� but as a way to be inclusive and o�er more generalizable conclusions�

��� UNDERSTANDING EFFECTS OFTASKTYPES ON
INFORMATION BEHAVIORS

As we observed previously� there is a growing realization among the scholars that
the task type a�ects almost all other aspects of one’s information seeking episode�
Therefore� it is quite common for them to either carefully pick one kind of task or
have multiple task types as independent variable� The former allows them to situate
their �ndings with a speci�c task type� whereas the latter helps see how di�erent
kind of tasks a�ect information behaviors�We will take a couple of examples to see
how such studies are conducted around task types�

����� CONNECTING TASKTYPEWITH INFORMATION SOURCES
ANDOUTCOMES

One of the hypotheses related to task types is that it should a�ect what kind of in-
formation sources users access and how they use the information retrieved from
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those sources� For instance� if a task is trivial in nature (e�g�� �nding movie show
times)� the searchermay not paymuch attention to the trustworthiness of the source�
Conversely� if the task involves making a consequential decision� e�g�� about health-
related matters� users will need or want to be more careful in where they �nd in-
formation� how deep they look into those sources� and how they decide to use that
obtained information� In short� task types may a�ect people’s information seeking
behaviors as mediated by source selection�

We will start with a case study that uses di�erent tasks� but more as a way to
o�er variety to searchers while collecting their behavioral data� In what follows� we
will see how researchers constructed di�erent tasks that are similar in nature� but
have di�erent topics�

This case study comes from Sarkar et al� [���]� The authors investigated the
relationship between information seekers’ selection and use of information sources
and their perceptions of information seeking outcomes (i�e�� successes and failures)
in the context of information seeking barriers as well as contextual factors such as
knowledge� emotion� and social role� For this� the authors recruited �� participants�
who performed four simulated information-seeking tasks over a two-day period and
reported their experiences and �ndings in an online logbook� The authors also con-
ducted semi-structured interviews with �� participants to examine the issues that
arose from the logbook�

Task topics were initially inspired by a qualitative survey on Mechanical Turk
(MTurk) for another study that examined individuals’ failures in information seeking
(see Wang and Shah [���] for more details)� The authors designed the tasks based on
those that the study participants rated as highly di�cult�While designing these tasks�
the authors referred to Wildemuth and Freund’s [���] guideline that exploratory
search tasks should provide speci�c context and situation while also o�ering �exibil-
ity in taskoutcomes� thus inspiringmulti-stage andmulti-faceted information seeking
endeavors� Below are the task descriptions presented to the participants�

Task-� (T�)� Suppose you are preparing for a debate tournament� One of
the topics will be whether abortion should be legal� Find at least �ve ar-
guments that support legalizing abortion and �ve arguments that oppose
legalizing abortion�

Task-� (T�)� Suppose you are considering purchasing a hybrid car and
want to compare the pros and cons of di�erent manufacturers and models
(e�g�� Honda� Ford� and Toyota)� You also want your potential car to cost
no more than �������� Please �nd a hybrid car model that �ts your budget
and requirement�
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Task-� (T�)� Suppose you are writing a report to discuss whether cell
phones are safe� Please �nd at least �ve arguments to support that cell
phones are safe and �ve arguments to oppose it�

Task-� (T�)� Suppose you are looking for an a�ordable apartment (under
������month) in the city of Providence� Rhode Island that best matches
your needs� You want the apartment to be in a convenient location (e�g��
close to grocery stores� restaurants)� You also want to consider the neigh-
borhood (e�g�� safety)� Please �nd at least two apartments that satisfy your
requirements�

The study produced ��� information seeking episodes related to the four tasks�
��� (���) of which were successful� �� (�����) of which were partially successful�
and the remainder (���� �����) were unsuccessful or failures� Participants decided
to use impersonal sources (e�g�� informational Websites) ��� (�����) times� and in-
terpersonal sources (e�g�� online forums� texting� online chat) ��� times (�����)�

Going beyond using these tasks as a way to o�er a variety of options to the
searcher while collecting their data� the authors investigated how di�erent tasks af-
fected their source selection and the outcomes of their search processes [���]� Their
�ndings can be summarized as follows�

• Impersonal sources positively a�ect the accuracy and relevance of information
sources for all types of tasks� and adequacy and trustworthiness regardless of
task type�

• Interpersonal sources negatively a�ect the adequacy� accuracy� and relevance
of information sources for all types of tasks� and the trustworthiness of informa-
tion sources for intellectual tasks as well as when task type is not considered�

• Websites (e�g�� Kelley Blue Book) positively a�ect the accuracy� adequacy� and
relevance of information sources for all types of tasks�

• Websites positively a�ect the trustworthiness of information sources for intel-
lectual tasks as well as when all information seeking episodes were considered
regardless of task type�

• Search engines positively a�ect the accuracy� adequacy� relevance and trust-
worthiness of information sources for intellectual tasks as well as when all ses-
sions were considered regardless of task type�

• Face-to-face communication negatively a�ects the accuracy of information
sources for all task types as well as the adequacy and relevance for everyday
life tasks� and regardless of task type�
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• Online chatting or texting negatively a�ect the accuracy� adequacy� trustwor-
thiness� and relevance of information sources regardless of task type�

• Online chatting or texting also negatively a�ect the accuracy� adequacy and
trustworthiness in intellectual tasks alone and the adequacy in everyday life
tasks as well�

• Posting on online forums negatively a�ects the accuracy� adequacy� relevance
and trustworthiness of information sources regardless of task type�

Overall� participants largely used impersonal sources (��� times for everyday
life tasks and ��� times for intellectual tasks)� Among impersonal sources� they used
professional Websites (e�g�� Kelley Blue Book) most frequently to �nd information�
Regarding the in�uence of task type� the study could not �ndmuch di�erence in par-
ticipants’ ratings for impersonal sources across task type�Most participants rated all
impersonal sources highly compared to interpersonal sources (ratings ranging from
�-�)� irrespective of task type� and they scarcely gave them a low rating (ratings rang-
ing from �-�)� On the contrary� there are some observable variations regarding par-
ticipants’ ratings for interpersonal sources�Notably� they rated interpersonal sources
relatively higher in terms of accuracy� adequacy� relevance� and trustworthiness for
everyday life tasks compared to intellectual tasks�

Statistical analysis revealed that interpersonal sources generally negatively af-
fect all quality dimensions of information sources� In particular� chatting� texting� and
posting online have negative e�ects on the ratings of all criteria when task type is not
considered� It was also found that face-to-face communication negatively a�ects all
but trustworthiness� Participants explained in their narratives that they usually re-
lied on one or a few people’s opinions or knowledge� which were inadequate given
their limited personal experiences (e�g�� P�� “They mostly had Toyota Priuses so it
was di�cult to have a great understanding of the hybrid market and what exactly is
available�”)

Although posting on online forums would have generated more information� it
would also have taken longer so not enough information was collected on time (e�g��
P��� “Not enough people responded to provide adequate results�”) Also� interper-
sonal sources might not be as focused as expected and irrelevant topics could easily
come up� which a�ected relevance of the information received (e�g�� P��� “There
wasn’t much information included with the person’s answer and opinion� and the
answer quickly went o� topic�”) When considering each task type separately� texting
and online chat’s negative e�ects in intellectual tasks become more obvious� in�u-
encing the accuracy� adequacy� and trustworthiness of information� This is probably
because chatting and textingmaybemore suitable forobtaining a quick answer� Intel-
lectual tasks (in this speci�c study� preparing for debate topics) require more domain
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speci�c knowledge or scienti�c evidence that could not be easily obtained via these
information sources� particularly from non-experts� Participants often believed that
the information o�ered by others was merely non-expert opinion� so the accuracy
and adequacy were doubtful (e�g�� P��� “There is no scienti�c evidence to back any
of this up”� P��� “Mainly this was one person’s opinion on the topic� so it gets rated
slightly lower”)�

Task type did in�uence participants’ judgment of information quality along cer-
tain dimensions�For the everyday life tasks (T� andT�)� participantsweremore likely
to seek a community of people with similar interests to help verify online informa-
tion� Unlike intellectual tasks� in which participants perceived information accuracy
from interpersonal sources to be low� everyday life tasks sometimes re�ected par-
ticipants’ appreciation of other people’s opinions (e�g�� P��� “There’s actually a large
community for the type of vehicle�Theywould suggest maybe a list� check your local
store� check thisWebsite� check thatWebsite”� P��� “I asked my group on Facebook�
Their responses kind of veri�ed that it was a decent area to live than the other areas�”)

Overall� this study clearly demonstrated that task type in�uenced partici-
pants’ selections of information sources and quality judgment� For the everyday life
decision-making tasks (T� and T�)� participants sought out people with similar inter-
ests to help verify the information found online�Meanwhile� they tended to distrust
anyonewhowas associatedwith the business (e�g�� salesperson� apartmentmanager)�
P��� “This interaction did nothing to get me my needed information� I cannot trust a
salesperson to give totally relevant information because they’re trying to sell a car�”
For the intellectual tasks� they rated highlyWebsites with balanced and neutral argu-
ments�The authors also concluded that task type a�ects users’ evaluation of sources�
For intellectual tasks� people seek balanced� neutral� or factual information from im-
personal and interpersonal sources�Conversely� for everyday decision-making tasks�
people want opinionated information from interpersonal sources and additional in-
formation from impersonal sources�

����� CONNECTING TASKTOPIC AND TASKTYPE
It is not uncommon to see topic and task being used interchangeably in the research
literature or in discussions with human subjects� Other times� it is di�cult to distin-
guish one from the other� Is “look for car insurance” a topic or a task? The purists
will say that “car insurance” is the topic and looking for (or searching for� or shopping
for) car insurance is the task� Does this distinction really matter? That is the question
Hienert et al� [���] asked�

Topics are used to describe the scenario for a speci�c information need which
may be described as a mixture of task type and topic� This is typically the case with
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TREC� organized by theU�S�National Institute of Standards andTechnology (NIST)��

TREC runs several tracks each year� most of which – such as the Core�Web Track
[��] – provide topics for running experiments� Participating research teams often use
these topic titles and�or descriptions as their tasks�

However� one should not always equate a topicwith a task�AsKelly [���] points
out� the topic describes the subject (area) of a task�This can be rather a broad domain
(e�g�� health or e-commerce used in [���]) or a very concrete theme or thing (e�g��
a person)� Kelly states that the topic represents the focus of the task and that the
combination of a speci�c task and topic forms the information need [���]� On the
user side� studies have examined howuser knowledgemay in�uence search behavior�
Thereby it can be distinguished between the broader idea of domain knowledge and
the more speci�c idea of topic knowledge [���]�

Hienert et al� [���] used data collected from four di�erent tasks situated in the
discipline of journalism� which try to capture di�erent search problems in this area�
Each of these tasks was conducted with two di�erent topics� (�) “Coelacanth” and
(�) “Methane Clathrates and Global Warming�” Below are those tasks for the topic
Coelacanth (a type of �sh)� the same schema was used for the second topic� Tasks
were designed based on the task classi�cation systemproposed by [���] andmodi�ed
in [��]�

Task-�� Copy Editing (CPE)

Your assignment� You are a copy editor at a newspaper and you have only
�� minutes to check the accuracy of the six italicized statements in the
excerpt of a piece of news story below�

Your task� Please �nd and save an authoritative page that either con�rms
or discon�rms each statement�

Task-�� Story Pitch (STP)

Your assignment� You are planning to pitch a science story to your editor
and need to identify interesting facts about the coelacanth (“see-la-kanth�)�
a �sh that dates from the time of dinosaurs and was thought to be extinct�

Your task� Find and save web pages that contain the six most interest-
ing facts about coelacanths and�or research about coelacanths and their
preservation�

Task-�� Relationships (REL)

Your assignment� You are writing an article about coelacanths and conser-
vation e�orts� You have found an interesting article about coelacanths but

�https://trec.nist.gov

https://trec.nist.gov
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in order to develop your article you need to be able to explain the relation-
ship between key facts you have learned�

Your task� In the following there are �ve italicized passages� �nd an author-
itativeweb page that explains the relationship between twoof the italicized
facts�

Task-�� Interview Preparation (INT)

Your assignment�You arewriting an article that pro�les a scientist and their
research work� You are preparing to interview Mark Erdmann� a marine
biologist� about coelacanths and conservation programs�

Your task� Identify and save authoritative web pages for the following�
Identify two (living) people who likely can provide some personal stories
about Dr� Erdmann and his work� Find the three most interesting facts
about Dr� Erdmann’s research� Find an interesting potential impact of Dr�
Erdmann’s work�

Table ��� gives an overview of each task type with its task facets� Each partic-
ipant searched for task types� each task on a di�erent topic� The order of the two
tasks and two topics was additionally �ipped� yielding �� di�erent con�gurations�

Table ���� Task types and their corresponding facets�

Task Facets
Task Name Product Level Goal Named

Items?
Copy Editing Find facts Segment Speci�c Yes
Story Pitch Find facts Segment Amorphous No
Article Development Produce ideas Document Amorphous Yes
Interview Preparation Produce ideas Document Amorphous No

The authors conducted a laboratory study with undergraduate students ma-
joring in journalism at Rutgers University and having completed at least one course
in news writing� The �� participants had to perform two search tasks (one on each
topic)� the annotation of bookmarks and search intents and had to complete several
questionnaires��

It was found that user behavior was not only dependent on the task type� but
also on the task topic� The authors discovered a number of session variables that
show signi�cant di�erences between the two topics in one task type� e�g�� bookmark
�The same study was used to collect other kinds of data too� mainly about search intentions� which we will
discuss in the next section�
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�rst session step or pages�search� Speci�cally� di�erent dwell time measures show
signi�cant di�erences between topics� There are two reasons for this phenomenon�
(a) In some cases (e�g�� for Story Pitch with the task level ‘Document segment’) the
authors found that high decision times originate from individual Web pages contain-
ing a lot of text content� This meant that users needed more time to extract relevant
information for the task� (b) In other cases� users spent more time on average on all
content pages�

The authors also looked for overall correlations between subjective measures
and session variables�This can be set in contrast to correlations found bydividing the
dataset by task type or topic� For example� topic familiarity only showed a weak cor-
relation for the topic Coelacanth� but not forMethaneClathrates and not for di�erent
task types� For correlations to task di�culty the session variables action count� task
time and average �rst session step showed stable correlations for both topics� but not
for each task type� Other correlations to post-di�culty are dependent on the topic�
For the usefulness of bookmarks a number of correlation can be found for the topic
Coelacanth (������ to task time������� to bookmark total display time� and������
to total time on content pages) which are weaker for Methane Clathrates�

From the analysis and the discussion the authors arrived at the following con-
clusions�

• Topic familiarity in this experiment overall only played a minor role because
both topics were fairly unfamiliar to subjects� However� topic familiarity was
dependent on the task topic�

• Task di�culty is moderately correlated to user e�ort and can be measured with
a number of session variables such as task time� number of actions� or more
speci�cally with features such as number of SERP visits or number of content
pages� The correlation between user e�ort and task di�culty seems to be de-
pendent on the task type and topic�

• Session variables measuring user behavior are also dependent on the task type
and task topic�

• Task success and task di�culty are strongly negatively correlated� and task suc-
cess can be measured with session variables such as task time and with session
variables dependent on the topic�

• Task success and the usefulness of bookmarks interpreted as the task’s result are
nearly strongly related� This means the content’s usefulness plays an important
role for task success�

• Usefulness of bookmarks is weakly to moderately correlated to certain dwell
times and dependent on the task type and topic�
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• A threshold can be used to distinguish between useful (bookmarked) pages and
other content pages� Decision time and total dwell time can be used as within-
session variables independent of the task type and topic�

• Decision time on web pages can be dependent on the text size on the page and
how easy it is to extract the relevant information for the user� This is dependent
on the task type and topic�

These conclusions show that the task type� but also the task topic� has an im-
portant in�uence on user behavior� The task type could in�uence how users search�
the task topic could in�uence what results are presented by the search engine� The
search results could in�uence dwell times� and nearly all session variables� which in
turn could a�ect the perceived task success and di�culty�

There are lessons for those doing research in interactive IRspace� If researchers
are using only one topic in their task description� this could greatly in�uence the re-
sults in a free Web search task� A good solution for this issue has been applied by
Kelly et al� [���] where they used four domains (health� commerce� entertainment�
science and technology) and di�erent topics tailored to study participants as in Bor-
lund’s simulated work tasks [��]�

��� TASKTYPES AND INTENTIONS
A search task can be thought of comprising three vital components� topic (what)�
strategy (how)� and intent�purpose (why)�While these three components can be stud-
ied at the macro level of a task� one can also examine them at the micro level of a
speci�c action such as a query� Of course� at a query level� the how part becomes
less visible or certain� we still have thewhat andwhy�We considered the role of the
former in the previous section� Now� let us consider the latter�

Intention that is present at a query level is a very important concept to analyze in
a search task� In a sense-making interview [��]� the information seeker is often asked
about their reason or intention behind a particular query or a question� This helps in
better understanding the underlying task and providing a personalized solution� Of
course� one could do a tautological analysis of a query intention�What is the intention
behind the query “rainfall in Sahara”? It is to �nd out how much rain falls in Sahara�
What could be a query if your intention is to �nd out how much it rains in Sahara?
“rainfall in Sahara�” In other words� it is easy to think that the intention is clearly
expressed in a query�However�many scholars disagree� They see a way and a reason
to go deeper into understanding such queries and the intentions behind them�

Some early theoretical research on classifying search sessions could be thought
of as applicable to information seeking intentions� For instance� Broder [��] argued
that Web searches could be classi�ed into three categories of information seeking
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and search intention� navigational� transactional� and informational� Aiming to build
a more detailed scheme of intentions� Kellar et al� [���] proposed a new typology of
user intentions generated in search� which includes fact �nding� information gath-
ering� browsing� and transactions� These classi�cations� as in some later work dis-
cussed below� were built upon analysis of queries that initiated search sessions and
did not consider the search actions within query segments� Also� these early theoret-
ical classi�cations only identi�ed broad intention categories and ignored the nuances
between di�erent speci�c intentions within each category�

Besides the theoretical speculation on the classi�cation of intentions� accord-
ing to Rha et al� [���]� Xie [���] is the only example of an empirically-based classi-
�cation of intentions which motivate people to engage in di�erent interactions with
search engines�Nevertheless� other similar research on users’ goals� knowledge gaps�
and search intents can also better help to understand users’ intention in information
seeking and search episodes� For example� Rose and Levinson [���] analyzed a set
of queries randomly selected from AltaVista query logs and proposed a hierarchical
typology of users’ search goals� Similarly� drawing on the ideas of the sense-making
approach [��]� Savolainen and Kari [���] revealed the discontinuous and dynamic
nature of Web searching episodes and developed a conceptual framework of knowl-
edge gaps faced by searchers as well as the corresponding gap-bridging strategies�
Jansen and Booth [���] developed a three-level hierarchy of user intent to automati-
cally classifyWeb search queries based on the information seeking intentions behind
these queries� They found that users’ query intent (i�e�� informational� navigational�
transactional) varies by di�erent search topics�

In recent research on information seeking intention� Mitsui et al� [���] devel-
oped a set of information seeking intentions based on the initial typology of interac-
tive intentions [���] and empirically investigated the distributions of di�erent inten-
tions in search tasks of di�erent types� Rha et al� [���] studied how di�erent types
and states (i�e�� satis�ed or unsatis�ed) of information seeking intentions lead to dif-
ferent query reformulation strategies� Despite the increasing attention to the role of
user intentions� the connections between task� information seeking intentions� and
user behavior still has not been systematically studied�

����� INFORMATION SEEKING INTENTIONS
We will now look at research done by Liu et al� [���] for understanding and extract-
ing information seeking intentions� They used the four tasks – CPE� STP� REL� and
INT – listed earlier in this chapter� To classify users’ information seeking intentions
in Web search query segments� their research used the typology of search intentions
which was developed and elaborated by Rha et al� [���] based on a subset of Xie’s
classi�cation of interaction intentions [���]� The authors gave a description of this
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typology to the participants before their search sessions were replayed for intention
annotation� Then� participants were asked to identify their information seeking in-
tention(s) for each query segment based on the typology� Participants could identify
multiple intentions in the cases where they tried to accomplishmultiple things within
a single query segment� Details of this process are provided in “Procedures” below�
The �� information seeking intentions are listed in Table ����

Table ���� Information seeking intentions and the associated acronyms�

Categories Information Seeking Intentions
Keep record Keep record of a link (KR)
Identify search
information

Identifying something to start (IS)� Identify something more to search (IM)

Learn Learn domain knowledge (LK)� Learn database content (LD)
Find Find known item(s) (FK)� Find speci�c information (FS)� Find items sharing a named

feature (FN)� Find items without prede�ned criteria (FW)
Access item(s) Access a speci�c item (AS)� Access items with common characteristics (AC)�

Access a website�homepage or similar (AW)
Evaluate Evaluate correctness of an item (EC)� Evaluate usefulness of an item (EU)� Pick best

items from all the useful ones (EB)� Evaluate speci�city of an item (ES)� Evaluate
duplication of an item (ED) (i�e�� determine whether the information in one item is
the same as in others)

Obtain Obtain speci�c information to highlight or copy (OS)� Obtain part of an item (OP)�
Obtain a whole item(s) (OW)

����� EXTRACTING INTENTIONS
The authors conducted a laboratory study to collect the data� This was brie�y dis-
cussed in the previous section� but nowwe present the full details� Participants were
undergraduate students from Rutgers University� recruited from undergraduate jour-
nalism courses� To register� students were required to have completed at least one
course in news writing� Each study session consisted of two search tasks� each fol-
lowed by an annotation task� and several interspersed questionnaires� with a verbal
exit interview at the end� All activity except for the exit interviewwas conducted at a
desktop computer�with search activity recorded in Firefox by aWeb browser plugin�
eye-�xation behavior byGazePoint�� and annotatable video of the search byMorae��

For the intention annotation task� participants were asked to select which in-
tentions applied to each query segment (all that occurred from one query to the next)
in the search session� This was accomplished by playing the video of the search� seg-
ment by segment� They could select� from a displayed list� any number of intentions
�http://www.gazept.com/
�https://www.techsmith.com/morae.html

http://www.gazept.com/
%20https://www.techsmith.com/morae.html
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for a segment (see Figure ���)�For instance� if a participant knewnothing about coela-
canths and issued the query “coelacanths” as the �rst query in a session� that person
might mark “identify something to get started” and “learn domain knowledge�” The
participant was then asked to mark whether each of these intentions was satis�ed� A
participant may mark “yes” for “identify something to get started” but “no” for “learn
domain knowledge�” If a participant marks “no�” she must then state why that inten-
tion was not satis�ed� For example� while she found some new keywords to search�
she may not have learned any knowledge that was required by the task description�
If the participant had an unlisted intention� they may also check “other�” provide a
short description of that additional intention� and also mark whether it was satis�ed�
They repeated this annotation process for each query segment�

Figure ���� Interface for marking search intentions�

����� FROMTASKTO INTENTION
To understand the relation between tasks and intentions� the authors performed lo-
gistic regression analysis for every information seeking intention�Table ��� report the
coe�cients of di�erent independent variables (IVs) (task type� task-user combined
features� querypercent� and interaction terms) in each logistic regressionmodel�This
model included three binary variables (STP� REL� INT) to represent the categorical
variable task type� The copy editing task (CPE) was not explicitly included and thus
served as a baseline against which the other task was compared because CPE as a
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factual speci�c task has a low level of cognitive complexity [���]� Thus� CPE as a
baseline can better help explain the underlying connection between the cognitive
demands of di�erent tasks and the frequency of occurrence of di�erent intentions�

Among the reported coe�cients� the coe�cients of task features can help ex-
plain the e�ects of these variables on the frequency of occurrence of di�erent infor-
mation seeking intentions� The coe�cients of query percent and interaction terms
can clarify to what extent the frequency of occurrence of intentions and the main
e�ects of task type and task-user combined features varied across di�erent query
segments in search sessions�

Table ���� The e�ects of task type and task-user combined features on intentions�
Logistic regressions (⇤p < .05, ⇤ ⇤ p < 01� light grey� positive e�ect� dark grey� negative
e�ect�white� no signi�cant e�ect)� IV (independent variable) de�nitions are in Table
���� Table ��� gives the meaning of the intention acronyms (column labels)�

IVs AW AC AS EB EC ED ES EU FC FK FS FW IM IS KR LD LK OP OS OW

STP -
���

-
���

-
���*

���* -
���*

��� -
���*

-
���

��� ��� -
���

��� ��� -
���

-
���

-
���

��� -
���

-
���*

���

REL -
���

��� ��� -
���

-
���

��� ��� ���* ��� ��� -
���

-
���

���* -
���

-
���

-
���

���* -
���

-
���

���

INT -
���

��� -
���

-
���

-
���**

-
���

-
���

-
���

��� -
���

-
���*

-
���

���* ��� -
���

-
���

��� -
���

-
���

-
���

QP -
���*

��� ��� ��� ��� ��� ��� ��� ��� ��� -
���

��� -
���

-
���*

-
���

-
���**

��� -
���

��� -
���

TE ��� -
���

��� -
���

���** -
���**

-
���

��� -
���**

��� -
���**

��� -
���

-
���**

-
���

-
���

-
���

-
���

��� -
���*

TF ��� ���* ��� ��� -
���

��� ��� -
���*

���** ��� ��� -
���

��� -
���*

��� ��� ���** ���** -
���

-
���

TD ��� ��� ��� -
���

��� ��� ��� ���* ��� ��� ��� ���* -
���

��� ���* -
���

��� ��� ���** -
���

TC ��� ��� ��� ��� ��� ��� ��� ��� ��� ���* ��� ���* ��� ��� ���* -
���

���** ��� ���** ���

STP*QP ��� ��� ��� -
���

-
���

-
���

��� ��� -
���

-
���

-
���

��� ��� -
���

��� ��� -
���

��� ��� ���

REL*QP ��� ��� -
���

��� -
���

-
���

��� ���* -
���

-
���

-
���

��� -
���

-
���

-
���

��� -
���

��� ��� ���

INT*QP ��� ��� -
���

��� ��� ��� -
���

��� -
���

-
���

��� ��� -
���

-
���

��� -
���

-
���

-
���

��� ���

TE*QP -
���

��� ��� ��� -
���*

��� -
���

-
���

��� ��� ��� -
���

��� -
���

-
���

��� ��� ��� ��� ���

TF*QP ��� -
���
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From Table ���� we can see that the coe�cient of query percent is negative
and signi�cant in the “AW” column� This indicates that as search session proceeded�
participants became less likely to directly go to aWebsite or homepage�This suggests
that participants tended to access a known Website or homepage early in a search
session as it could serve as an easy and useful way to kick o� the search process and
handle the anomalous state of knowledge at the beginning stage� The results in the
“AC” column demonstrate that participants with more topic familiarity were more
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Table ���� Acronyms of the independent variables in the logistic regressions and the
de�nitions�

Acronym De�nition
IV Independent variable
STP Story pitch task (binary� Y��� N��)
REL Relationship task (binary� Y��� N��)
INT Interview preparation task (binary� Y��� N��)
QP Query percent
TE Task familiarity�experience
TF Topic familiarity
TD Task di�culty
TC Time condition
STP*QP The interaction term between STP and QP
REL*QP The interaction term between REL and QP
INT*QP The interaction term between INT and QP
TE*QP The interaction term between TE and QP
TF*QP The interaction term between TF and QP
TD*QP The interaction term between TD and QP
TC*QP The interaction term between TC and QP

likely to access items with common characteristics� This may be because the high
level of topic familiarity decreased the di�culty and cognitive load of �nding items
with common features� and thereby encouraged participants to seek similar items for
resolving the tasks�The results in the “AS” column indicate that participants accessed
speci�c known item less frequently in story pitch tasks than in copy editing tasks�
indicating that it might be di�cult (or not necessary) for participants to use a known
item(s) in a factual task without a clearly de�ned goal�

We now turn our attention to the intentions under the Evaluate category� Due
to the nature of story pitch task (�nd Web pages which contain the most interesting
facts about the topic)� participants who conducted this task tended to spend more
query segments on picking best item(s) from all the useful ones� The intention of
evaluating correctness of an item was a�ected by both the main e�ects of task fea-
tures and an interaction term (task familiarity x query percent)� Speci�cally� when
participants were performing the story pitch and interview preparation tasks� they
were less likely to evaluate the correctness of retrieved items in query segments since
these tasks were open-ended and did not require participants to con�rm or discon-
�rm any statement� Interestingly� the results indicate that higher task familiarity led
participants to use signi�cantlymore query segments in evaluating correctness�How-
ever� as the search sessions proceeded� the e�ect of task familiarity decreased (i�e��
the coe�cient of the interaction term is negative)� Despite the positive e�ect on the
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frequency of occurrence of the intention of evaluating correctness� higher task famil-
iarity was associated with signi�cantly lower frequency of evaluating duplication of
the retrieved items� The intention of evaluating speci�city appeared less frequently
in the story pitch task compared to the “baseline” copy editing task as participants
needed to �nd plenty of relevant� speci�c items to �nish those tasks (con�rm or dis-
con�rm the given statements)�The results presented in the “EU” column indicate that
participants’ intention of evaluating usefulness was a�ected by both task type and
task-user combined features (topic familiarity and task di�culty)�While the positive
e�ect for the relationship task increased as the search session proceeded� the e�ects
of both topic familiarity and task di�culty gradually decreased over time�

As we consider the intentions under the Find category� we �nd that the fre-
quencies of occurrence of di�erent intentions were associated with di�erent sets of
factors�When a participantwasmore familiarwith the task at hand� he or shewas less
likely to spend time on �nding items with something in common� One explanation
is that when performing familiar tasks� participants preferred to search for more di-
versi�ed results and do more explorations� instead of relying on similarWebsites and
documents� In contrast� a high level of topic familiarity encouraged participants to
seek similar items� However� the positive e�ect of topic familiarity decreased as the
search session proceeded� When under less time pressure� participants were more
likely to spend time on seeking known items� Similar to the aforementioned e�ect
of topic familiarity� this positive e�ect also decreased over time (the coe�cient of
the interaction term TC*QP is negative)� In terms of the intention of �nding speci�c
items� compared to the copy editing task which requires more speci�c� prede�ned
information� interview preparation is an open-ended task� associated with signi�-
cantly lower frequency of seeking a predetermined piece of information� In addition�
a higher level of task familiarity also was associatedwith a decrease in the occurrence
of the intention of �nding speci�c items� The intention of �nding items without pre-
de�ned criteria frequently happened in tasks with a high level of di�culty as di�cult
tasks involved more exploratory search activities (without predetermined guidance)�
In addition� participantswho had enough time toworkon their tasksweremore likely
to perform exploratory searches and seek useful Web pages without predetermined
features�Again� this main e�ect gradually decreased as the search session proceeded�

Regarding the intentions under Identify search information category� partici-
pants were more likely to identify something more to search and to explore a topic
more broadly in the two open-ended tasks (relationship task and interview prepara-
tion task) than in the copy editing task� With respect to the intention of identifying
something to get started (e�g�� �nd good query terms)� it appeared more frequently in
the earlier stages than in the later stages (the coe�cient of query percent is negative)�
Besides� high levels of task familiarity and topic familiarity signi�cantly decreased the
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frequency of occurrence of this intention� indicating that when a participant was fa-
miliar with the task or topic� they were more likely to quickly �nd useful documents
and thus did not need to frequently try and restart new search paths�

Based on results in the “KR” column� when a participant performed a di�cult
task or had su�cient time in search� they tended to save more useful items to exam-
ine later� Regarding the intentions under the Learn category� participants tended to
learn more about the types of available resources at particular websites in the early
stages of search than in later stages� Participants usually spent more query segments
on learning domain knowledge in the relationship task than in the copy editing task�
Besides� having high level of topic familiarity or su�cient time in search usually led
to higher frequency of seeking domain knowledge�

Finally�with respect to the intentions under theObtain category�when apartic-
ipant was familiar with the task topic� they were more likely to seek parts of relevant
items to highlight or copy� Apossible reason is that the familiarity of topic could help
them easily locate useful pieces of information within retrieved items� Compared to
the baseline situation (copy editing task)� participants who were doing the story pitch
task were less likely to seek for speci�c information to highlight or copy� Participants
tended to seek speci�c known items when they experienced higher task di�culty or
had relatively su�cient time in search� However� the positive e�ect of task di�culty
tended to decay over time in search sessions� Participants who were doing familiar
tasks were less likely to seek a whole item to highlight or copy� This may be because
obtaining a whole item is an ine�cient way of seeking useful information and thus
participants who were familiar with their tasks preferred to avoid this ine�cient ap-
proach�

����� FROM INTENTION TO BEHAVIOR
The authors then turned their attention to linking intentions with behaviors� They
performed statistical tests for each intention-behavior pair� Table ��� illustrates the
connection between current search behaviors and current information seeking in-
tentions� and Table ��� shows the relationship between current search behaviors and
information seeking intentions in the next�subsequent query segment�

Overall� the results in Table ��� demonstrate that all intentions identi�ed were
signi�cantly associated with at least one aspect of Web search in current query
segment� In other words� information seeking intentions were connected to and
re�ected by Web search behavior in various ways� For intentions under Access
and Evaluate categories� they were mostly correlated with click activity� dwell time
on SERP� and usefulness judgment behavior� Speci�cally� when participants had in-
tention(s) related to accessing item(s) or evaluating obtained information� they tended
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Table ����Median of behavioral measure when the intention was selected in current
query segment� (Mann-Whitney test� *p����� **p����� light gray� above the mean of
total ranks� dark gray� below themean of total ranks�white� no signi�cant di�erence�)

Behavior AW AC AS EB EC ED ES EU FC FK FS FW IM IS KR LD LK OP OS OW

query � � � � � � � � � � � � � � � � � � � �

click � � � � � � � � � � � � � � � � � � � ���

source � � � � � � � � � � � � � � � � � � � �

page � � � � � � � � � � � � � � � � � � � �

SERP ��� ��� ��� ��� ��� ��� ��� ��� ��� ��� ��� ��� ��� ��� ��� ��� ��� ���� ��� ���

content ���� ���� ���� ���� ���� ���� ���� ���� ��� ���� ���� ���� ��� ���� ���� ��� ���� ���� ���� ����

bookmark � � � � � � � � � � � � � � � � � � � �

Table ���� Median of behavioral measure when the intention was selected in next
query segment� (Mann-Whitney test� ⇤p < .05� ⇤ ⇤ p < .01� light gray� above the mean
of total ranks� dark gray� below the mean of total ranks� white� no signi�cant di�er-
ence�)

Behavior AW AC AS EB EC ED ES EU FC FK FS FW IM IS KR LD LK OP OS OW

query � � � � � � � � � � � � � � � � � � � �

click � � � ��� � � � � � � � � � � � � � � � �

source � � � � � � � � � � � � � � � � � � � �

page � � � � � � � � � � � � � � � � � � � �

SERP ��� ��� ��� ��� ��� ��� ��� ��� ��� ��� ��� ��� ��� ��� ��� ��� ��� ��� ��� ���

content ���� ���� ���� ���� ���� ��� ���� ���� ���� ��� ���� ���� ��� ���� ���� ��� ���� ���� ���� ����

bookmark � � � � � � � � � � � � � � � � � � � �

to be more active in browsing� page viewing� and judging the usefulness of gathered
information�

In contrast� intention under Find category did not show any uni�ed pattern in
intention-behavior connection� In other words� di�erent speci�c intentions in this
group were associated with di�erent intentions� For example� the intention of �nd-
ing information with common features was positively associated with SERP dwell
time� as this intention involves evaluating and comparing results on SERPs� How-
ever� the intention of �nding speci�c information was more closely correlated with
content page viewing and usefulness judgment behaviors�With respect to the Iden-
tify category� participants tended to leave SERPs earlier when they merely wanted
to identify something more to search� rather than deeply examine the results�When
participants sought to identify a starting point forWeb search� theywere more active
in content page reading and clicking� but less patient with SERP viewing and visiting
more pages�

Similar to the intentions in Access and Evaluate groups�most of the intentions
under Keep� Learn and Obtain categories were also closely related to clicking� con-
tent page viewing� and bookmarking behaviors� indicating that intentions under these
categories could lead to similar search tactics� Among these intentions�when partic-
ipants sought to learn domain knowledge� they tended to spend less time on brows-
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ing SERPs but much longer time on carefully reading the clicked content pages� The
intentions of learning database information and obtaining a whole item(s) were only
associatedwith one of the search behaviors� suggesting that their connections toWeb
search might be loose� Another possible reason is the small sample size� Neither of
these two intentions occurred frequently (frequencies both below than ���)� limit-
ing our ability to fully determine the connections between intentions and behaviors�

The authors found that compared to the rich connections between search be-
havior and current intentions� fewer signi�cant associations were discovered be-
tween search behavior and subsequent intentions (see Table ���)� Among all types
of intentions� seven intentions had no signi�cant connection with search behavior�
This result indicates that some of the intentions were more closely restricted to the
local steps ormicro-situation (i�e�� query segment) andwere loosely connected (if not
totally disconnected) with previous actions� For other intentions�most of them were
positively associated with click activity and usefulness judgments (i�e�� bookmarking)
behaviors�

��� SUMMARY
This chapter demonstrated that task is not an isolated construct in IR� nor should it
be studied that way� In fact� it is a very important realization for us as we will expand
on in the next two chapters that task is intrinsically and meaningfully connected to
user behaviors� their intentions� and task performance or outcome�

In this chapter� through various case studies� we observed how scholars have
investigated the e�ects of task types on user behaviors and intentions� Often� these
scholars have also used what they could observe (e�g�� user activity) to derive the
nature of the task� assuming that those behaviors are being a�ected by the underlying
task� In the next chapter�wewill see this approach in more detail as we examine case
studies that use behavioral and other signals to explicate task information�
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C H AP T E R �

Explicating Task
Whilemany scholars argue and almost all agree that there is a taskbehind information
seeking activities� it is not always clear what that task is� Asking the searcher for that
task is not always possible or advisable� In this chapter� we discuss how researchers
have found ways to explicate that task knowledge from other signals� We will start
with a clear case of task being expressed by the user – not because a scholar is asking�
but because the users want to do so�

��� USING EXPLICITLYEXPRESSED TASKS
While recognizing implicit tasks is an important avenue for research�we overlook the
fact that people do express their tasks explicitly – only that this happens outside the
search system– typically in to-do applications (e�g��Google Tasks�Microsoft To Do)�
We ask the question� can we analyze those tasks and identify the ones appropriate
for search systems? And if we can� what is the likelihood that the task expression
(typically a short phrase such as “order contact lens”) can map directly to a search
query?We performed a study that sought out to answer these questions to bridge the
explicit expression of to-do tasks and Web search [���]�

����� DATA
We started with an anonymized� aggregated subset of tasks appearing in the now-
defunct Wunderlist task management application� The application had a default task
list� to which tasks were added if the user did not specify a speci�c list�Wewanted to
focus on tasks where the intent was clear from the text of the task titles only� Tasks
titles appearing in non-default lists often rely on the list name to provide context�
e�g�� the “milk” example in the grocery list� where the intent is clearly to buy milk
(and not watch the movie by the same name) even though that it not explicitly stated�
From the default list�we needed to remove the tasks that either did not have a leading
verb that indicate an action to take and�or the context was very clear� For example�
the task “call mom” would not be considered because it was clearly a task that had
an assigned context (phone)� We ordered these tasks by their frequency to identify
top action verbs in the default list� The authors reviewed the top �� most frequent
tasks manually and selected verbs that could have a context outside of strongly in-
dicative action terms such as phone�call� email� print� and clean� The resultant set
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of verbs considered to identify suitable tasks for this analysis were� book� bring� buy�
change� check� collect� �nd� �nish� �x� get� look� make� move� order� pay� pick� post�
put� renew� reschedule� return� sell� send� set� submit� take� update�

Using this subset of selected action verbs� we �ltered the aggregated tasks data
and identi�ed a set of tasks that (�) started with one of these verbs� (�) were added
to the default list� and (�) appeared in the task lists of ��� or more users of the Wun-
derlist application� This generated a total of ����� unique task titles�We sorted these
in descending order by user frequency and selected the top ����� task titles for hu-
man annotation�

����� ANALYSIS
As we analyzed the ����� tasks annotated by the �ve judges� we found that some
tasks clearly �t one of four categories–o�ine� online� search� and unclear–with all
judges assigning the same label� whereas some of them had a majority label (� or �
out of � judges picked the same category)�Out of ����� total judgments� only��were
marked as ‘Unclear�’ In almost all the cases� the reason given was “insu�cient infor-
mation or context�” For the task “book review�” all �ve judges marked it as ‘Unclear�’
Two other tasks worth noticing were “book group” (� out of � marking as ‘Unclear’)
and “check out” (� out of � marking as ‘Unclear’)� In all three cases� there are multi-
ple interpretations of the task title and contextual�personal knowledge is required to
understand the task�

We then investigated the aggregated judgments for the tasks� as grouped by the
leading verbs� e�g�� when a task starts with ‘buy�’ ��� of the time the judges marked
it for ‘search�’ We also studied how often the tasks with the leading verb obtains the
label usingmajority voting� e�g�� tasks startingwith ‘book’ get the ‘Online’ label ��� of
the time through majority voting� Table ��� lists the results for all verbs� In that table�
‘Aggregated label’ and P (A) indicate themost common label for all tasks pre�xedwith
the given verb and the corresponding probability in the dataset� Similarly� ‘Majority
label’ and P (M) indicate how often tasks with the given verb as a pre�x received a
label as selected by most judges�

We found that for around ��� of the verbs considered here� we are able to
predict whether a task is suitable for o�ine� online� or search with high con�dence�
The verbs that were most unclear (p < 0.5) were ‘change’ and ‘sell�’ Upon examining
the data� it appeared that the confusion for ‘change’ tasks lay between whether these
tasks should be completed o�ine or online� We found that this depended on the
noun that followed ‘change�’ For example� the task “change bed” is suitable for o�ine�
whereas “change dentist appointment” is more suitable for online� Based on this in-
sight�we hypothesized that if the noun is tangible (e�g�� bed� oil �lter)� the task would
fall under ‘o�ine�’ whereas if the noun is abstract (e�g�� password� appointment� ad-
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Table ���� Task starting verbs with their labels by either aggregating or majority vote�
and their corresponding probabilities�

Verb Agg� label P (A) Maj� label P (M)

book online ���� online ����
bring o�ine ���� o�ine ����
buy search ���� search ����
change o�ine ���� o�ine ����
check online ���� online ����
collect o�ine ���� o�ine ����
�nd search ���� search ����
�nish o�ine ���� o�ine ����
�x o�ine ���� o�ine ����
get o�ine ���� o�ine ����
look search ���� search ����
make o�ine ���� o�ine ����
move o�ine ���� o�ine ����
order search ���� search ����
pay online ���� online ����
pick o�ine ���� o�ine ����
post o�ine ���� o�ine ����
put o�ine ���� o�ine ����
renew online ���� online ����
reschedule online ���� online ����
return online ���� online ����
sell online ���� online ����
send online ���� online ����
set o�ine ���� o�ine ����
submit online ���� online ����
take o�ine ���� o�ine ����
update online ���� online ����
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dress)� the task would fall under ‘online�’ In contrast� the inter-judge disagreement
for ‘sell’ tasks was between online and search� suggesting that the utility of search in
selling something was unclear�

Interestingly� while ‘buy’ tasks were very clearly marked for search� only ���
times ‘order’ tasks obtained a majority vote for search� Here also� the confusion lay
between the ’online’ and the ’search’ labels� We believe that confusion this may be
due to the perceived intentions behind these two verbs� ‘buy’ may be perceived as
still tentative and thus bene�ting from search�whereas ‘order’may indicate a resolved
intention that is at a more advanced state and hence may or may not need help from
a search engine� This hypothesis can easily be tested in follow on studies by asking
judges to annotate the same noun with a di�erent start verb� such as “buy dog food”
and “order dog food�”

����� ASIMPLE RULE-BASED ALGORITHM FORTASK LABELING
Based on our analysis and observations�wedevised a simple algorithm (see Algorithm
���) to assign a task ‘o�ine’� ‘online’� or ‘search’ labels� Applying this algorithm to
our data (����� tasks)� we obtain ��� accuracy if we consider aggregated labels as
the ground truth� If we consider majority labels� on the other hand� the accuracy
increases to ���� Note that if we do further re�nement of our crude rules� as with
the last two cases above� we could potentially get higher accuracies�

����� CONNECTING TASKSWITH SEARCHES
Next� we examined how the actionable tasks from Wunderlist show up in queries
issued to the Bing Web search engine� Speci�cally� we took those ����� tasks and
looked for exact matches in Bing logs over three non-contiguous weeks in ����� The
‘Original’ columns in Table ��� present the results� The ‘Tasks’ column indicates how
many tasks were in each category� ‘Query freq’ describes the aggregated frequency of
queries that match with the tasks� ‘Avg freq’ describes ‘Query freq’ divided by ‘Tasks�’

Table ���� Frequencies of tasks per category from the Bing query log over a three-
week (non-contiguous) time period� Tasks are matched to queries in their original
forms� with preceding verbs removed� and ‘amazon’ tasks removed as outliers�

Original Preceding verbs removed ‘Amazon’ tasks removed
Category Tasks Query freq Avg freq Query freq Avg freq Query freq Avg freq
O�ine ��� ����� ����� ����� ����� ����� �����
Online ��� ������ ����� ������ ����� ������ �����
Search ��� ����� ����� ��������� ��������� ��������� ��������

As we can see� the o�ine tasks do not appear as frequently in the search logs�
However� search-friendly tasks do not seem to appear often either� This may be be-
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Algorithm ��� � Task Classi�cation�

Input� Task titles�phrases
Output� Class label

Initialize label�‘unknown’
�� if the task starts with verbs collect� put� take� bring� pick� �x� move� set�
make� get� �nish then
label � ‘o�ine’

�� end if
�� if the task starts with verbs pay� renew� submit� reschedule� update� send�
return� book� check� sell then
label � ‘online’

�� end if
�� if the task starts with verbs buy� look� �nd� order then

label � ‘search’
�� end if
�� if the task starts with verbs change� followed by a tangible noun then

label � ‘online’
�� end if
�� if the task starts with verbs post� followed by an online service then

label � ’online’
��� else

label � ‘o�ine’
��� end if��

cause people do not pose their to-do tasks verbatim to search engines� e�g�� for the
task “buy bus tickets�” the corresponding search query would likely be “bus tickets�”
When we match the tasks with the search queries after removing ‘buy�’ ‘order�’ and
‘�nd’ from the task titles�we obtain a huge spike in search-friendly taskmatches�The
new statistics are shown in the ‘Preceding verbs removed’ columns in Table ���� The
task “order amazon” appeared in the tasks data and “amazon” (the matching query
following the removal of ‘order’) is a highly-popular� navigational query in the logs�
We removed those queries as outliers�

Table ��� shows that tasks that our algorithm determined to be search-friendly
are indeed very likely to appear in search engines� In order to further verify this� we
ranked the matched queries in descending order by their frequency� Then� we com-
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puted reciprocal rank (RR) and weighted RR (WRR) for each of the three categories
(online� o�ine� and search) as follows�

RRcategory =
X 1

ranki
where label(i) = category (���)

WRRcategory =
X

freq(i) · 1

ranki
where label(i) = category (���)

We then took the averages across all the queries in a given class for RR and
WRR to compute mean values of MRR and MWRR (see Table ���)� Here� the higher
MRR indicates the results in that class are at higher ranks based on their frequency
in the search logs� The ‘search’ labeled tasks have queries matching much higher
ranks than thosewith ‘online’ and certainly ‘o�ine�’Whenweweigh these ranks with
their corresponding frequencies using MWRR� we observe that the tasks identi�ed
as ‘search-friendly’ tasks are indeed the highest ranked and most prominent queries
among all task-related queries� Users are clearly already using search engines for the
taskswe identi�ed as ‘search-friendly’more so than forother types of tasks�providing
another form of validation for our results�

Table ����Mean reciprocal rank (MRR) and mean weighted MRR (MWRR) by label�

MRR MWRR
O�ine ������ ������
Online ������ ������
Search ������ ���������

����� ANALYZING UNMATCHED SEARCH TASKS
Not all tasks that were labeled suitable for search showed up in Bing logs� Of course�
the simplest explanation is that we only analyzed a sample of Bing logs over a limited
period of time� A longer duration or a larger sample may have yielded matches for all
these tasks� Nonetheless� looking at the search tasks that did not �nd a query match�
we found that two thirds were ‘buy’ tasks� Nine items were ‘order’ tasks� �ve were
‘�nd’ tasks� and two were ‘look at�for’ tasks�

Once we removed the pre�xes ‘buy�’ ‘order�’ and ‘�nd’ from task titles and
looked for query matches� we were left with only a small number of unmatched
search tasks� Almost all the non-matching items were actual objects that people did
not search for in our sampled log� Not all purchasing activities come through search
engines� In some cases� users may go directly to specialized e-commerce services�
Two exceptionswere ‘look at�for’ tasks�whose pre�xes should also be removedwhen
matching with historic queries as these tasks are clear candidates for searching�
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����� IMPLICATIONS FOR SEARCH ENGINES
This study provided compelling evidence that we can identify search-friendly tasks
from to-do lists�While almost any task can be linked to a search engine� to gain user
trust and help ensure the usability of this proposed functionality� IR systems should
only provide such a link for tasks with high con�dence� Considering this� we pro-
vide the following recommendation for the overall �ow of such a “task-to-search”
functionality� which could be o�ered in task management systems�

�� For a given item in one’s to-do list� identify whether or not it is actionable (as in
[���])�

�� For this actionable item� use the algorithm given here or more sophisticated
machine-learned variant to identify whether it is suitable for o�ine� online� or
search�

�� If the task item is deemed to be search-friendly� create a link to a search engine
and provide it with the item on the interface in the task management system�

In addition to continuing toworkwith these steps�we are also considering tasks
requiring multiple queries by analyzing sessions instead of individual queries in the
search logs� This becomes quite important as we acknowledge and address the fact
that many tasks are not accomplished using single queries or even a collection of
queries directly executed on a search engine� To truly address the underlying tasks�
one needs to contextualize and perhaps expand itsmeaning and then consider howor
if search can help�Apart of this contextualization can also be achieved byconsidering
various attributes around a task’s expression such as time� place� other tasks entered
at the same time� and a user’s own background and pro�le�

��� DERIVING TASK FROMUSERBEHAVIORS
Now we will see e�orts for learning about the underlying task when it is not ex-
pressed explicitly like in the previous section� The most common way to derive task
information in such a case is using various forms of user behavior� This is based on
a well-founded assumption that the task a�ects people’s behaviors� and if we make
appropriate observations about those behaviors� we could explicate that task�

In the past decade� we have seen many works along this line� several of them
summarized in Chapter �� There are two main reasons for such an increased atten-
tion to this research� (�) it has become progressively easier to collect large amounts
of behavioral data as the tools for collecting them have been widely developed and
deployed even for academic communities (e�g�� [���� ���])� and (�) new techniques
have been developed that allow more sophisticated connection of users� their tasks�
and their behaviors� Given that a lot of relevant literature has been covered before�
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here we will go into some depths of these two points with three case studies – the
�rst two show how user behavior data can be used for identifying task stages and the
third one shows how we could develop a comprehensive model of an interactive IR
process using user� task� and behavior information�

����� QUERY-RELATED BEHAVIORS FORTASKTYPE PREDICTION
Mitsui et al� [���] started with a simple question – given a searcher’s behavior during
a search session� can the searcher’s task be predicted?Of course� even if we could do
this using the behavioral data from the whole session� is that really useful? What is
the point of predicting task type after the task is done? Therefore� the authors also
asked if they could do this using very little data – just the data associated with the
�rst query – from a session�

For this� the authors chose to predict the goal and product of the task� in the
sense de�ned byLi and Belkin [���]�The goal is a binary classi�cation of “speci�c” or
“amorphous�” analogous to thewell-de�ned or ill-de�ned goals in [���]�The product
is either “intellectual” – producing new �ndings� or “factual” – locating facts or data�
These task types are largely dependent on a task speci�cation that can be controlled
by an experimenter�Moreover� pairing these products and goals yields four possible
task types� “known-fact search” (“factual”�“speci�c”) � “known-subject search” (“fac-
tual��“amorphous”)� “interpretive search” (“intellectual”�“speci�c”)� and “exploratory
search” (“intellectual”�“amorphous”)�

Their �rst dataset was the TREC ���� Session Track [��]�which has been used
in the evaluation of retrieval over the course of a search session� This data is com-
prised of search logs of users conducting searches over sessions� rather than per-
forming ad-hoc retrieval� The data has ����� sessions� with ��� unique users con-
ducting searches across �� di�erent topics (�� unique prompts per task type)� The
authors used ����� of these sessions� the others do not include a current or �nal
query and cannot be applied for their work� The searchers in the TREC data were
recruited through MTurk� In contrast� their second data was from the previously de-
scribed study in Chapter � [���]� As a reminder� the participants were undergraduate
journalism student and were given journalism-based task prompts across four task
types following the same faceted classi�cation� copy editing (factual�speci�c)� story
pitch (factual�amorphous)� relationships (intellectual�amorphous)� interview prepa-
ration (intellectual�amorphous)� There were �� sessions total� �� copy editing� ��
story pitch� �� relationships� �� interview preparation� �� participants conducted
two sessions each�

The authors predicted the task type (goal and product) using either �rst query
features or whole session features listed below� They performed traditional machine
learning (ML) classi�cation experiments� with the task product� goal� or type of a



���� DERIVING TASK FROMUSERBEHAVIORS ��

session as the classi�cation label�Hence� they had ����� total data points and �� data
points for theTRECand journalism data� respectively�TheTRECdata contained ���
amorphous tasks� ��� speci�c tasks� ��� factual tasks� and ��� intellectual tasks�The
journalism data contained �� amorphous tasks� �� speci�c tasks� �� factual tasks� and
�� intellectual tasks� The authors compared several ML classi�ers against two naive
baselines� For both datasets� they used ��� training data and ��� test data�

While a rich set of features can be extracted from a controlled laboratory study�
the authors limited themselves to the �rst query and the whole session features that
could be extracted fromboth theTREC ���� SessionTrackdata and journalism data�
to come as close to creating a genuine replication as possible� Since theywere exam-
ining the e�ects of �rst query andwhole session features in task type prediction� they
used the same features in their two experiments on the two datasets� The features
are as follows�
First query features

• Query length� total dwell time on SERPs and content pages� percentage of time
on SERPs� These are directly drawn or derived from [��]� and associated with
di�erences between task types�

• Number of pages visited� This is a speci�c case of the number of pages visited
over a session [���]�

Whole session features

• Number of pages� number of queries� and completion time� These distinguish
task types in [���]�

• Dwell time on content pages per SERP� percentage of time on SERPs� dwell time
on SERP per query� dwell time on content pages per query� total dwell time on
SERP pages� total dwell time on content pages� These are directly drawn from
or derived from [���]�

• Average dwell time on content pages� pages per query� average query length�
range of query lengths�

Their results show the following three simple conclusions�

�� Prediction with �rst query features can be more accurate than with
whole session features� This happened in all cases in both datasets excepting
only the task goal in the journalism data� In that case� the whole session features
obtained ����� accuracy� versus ����� accuracy for �rst query features�

�� Additionally� �rst query features can be signi�cantlymore accurate�This
happened for task product in both datasets (p < .01)� providing strong evidence
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that �rst query features are generally better for predicting whether a product is
factual or intellectual� This only happened once with goal and once with task
type in the TREC dataset (p < .01)�

�� If �� or �� above do not hold�whole session features are still not signif-
icantly more accurate than �rst query features� The result for task goal in
the journalism data (an accuracy of ����� for the whole session vs� ����� for the
�rst query only)� violated ��� Similarly for �rst query features on task type (ac-
curacy is ��� for the whole session vs ����� for �rst query only)� In both cases�
the best whole session predictor was not signi�cantly better than the best �rst
query predictor� despite di�erences�

����� IDENTIFYING TASK STAGES
As we saw in Chapter �� a task can be thought of as consisting multiple levels or
stages [��� ��]� Knowing which of this levels or stages the user is working currently
can be instrumental in providing personalized support� Therefore� we will now look
at a case study by Liu et al� [���] for identifying task stages using behavioral signals�

The authors used data from two controlled laboratory studies� information
seeking intention (ISI) study [���] and problem-help (PH) study [���]� ISI study ex-
plored users’ information seeking intentions and search actions in di�erent query
segments of complex search tasks� and PH study investigated the association between
users’ encountered problems� help needed� as well as their search behavior� Analyz-
ing the empirical evidence collected from these two studies enabled us to character-
ize and model the states of complex search tasks from di�erent perspectives�

The data collected from ISI and PH studies enabled the authors to model the
states of complex search tasks from active aspect and situational� unanticipated as-
pect respectively� In the datasets� each intention� problem� and help item was repre-
sented using a unique binary variable (present��� absent��)� For state identi�cation�
we used K-modes clustering analysis for extracting clusters out of user annotation
data� K-modes clustering as a unsupervised learning method extends the traditional
K-means paradigm to cluster categorical data [��]� In the clustering analysis� di�er-
ent information seeking intentions� in-situ problems� and types of help needed were
considered as separate elements within the vectors representing unique task states�

To test the validity of the task state categories extracted from annotation data�
the authors ran external judgment of state types with two external assessors� Specif-
ically� they randomly extracted ��� of searches from each type of tasks and ask the
two assessors to manually annotate task state for each query segment independently
according to the task states they extracted and de�ned� Each assessor was provided
with the video of participants’ search process� the intention or problem-help anno-
tation and search behavior data� as well as the state typology generated by the K-
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modes clustering algorithm� To measure the validity of task state labels� the authors
computed three Cohen’s Kappa coe�cients� between (�) the two annotators� (�) the
annotator A and the clustering algorithm� and (�) the annotator B and the clustering
algorithm� To ensure the quality of task state labeling and judgment� they recruited
two advanced Ph�D� students majoring in IR as their external assessors�

The identi�cation of task states started with K-modes clustering analysis� Prior
to that� the authors employed the average silhouette method to determine the opti-
mal number of clusters� They extracted four clusters as separate task states from the
ISI dataset and six clusters from the PH dataset� The clustering analysis for PH study
was conducted based on ��� query segments as the problem-help annotation was
missing for some of the repeated queries due to system errors�

Focusing on the active� intention aspect of task state� the authors identi�ed the
following four states of complex search tasks� They interpreted each extracted task
state based on the main (most frequent) information seeking intentions within the
state�

• Exploitation (frequency� ������ ��� query segments)� The two most frequent
intentions are �nd speci�c information (�����) and identify something more
to search (�����)� Meanwhile� the intention of identifying something to start
searching never occurs� In this state� users may have a clear topic in mind and
they try to follow the current search path� keep exploiting the information patch
at hand and search for more relevant pages�

• Known-Item (frequency� ������ ��� query segments)� The twomost frequent
intentions are �nd speci�c information (����) and obtain speci�c information
items (����)� In this state� users may have very speci�c� well-de�ned informa-
tion need(s) or item(s) in mind�

• Exploratory (frequency� ������ ��� query segments)� The most frequent in-
tention in this state is identify something to start searching (����)� In this state�
users may try to adopt new search strategies� explore unknown subtopics� or
open new search paths�

• Learn andEvaluate (frequency� ������ �� query segments)� In this state�most
intentions under theEvaluate category (above ���) and the intentions of learn-
ing domain knowledge and keeping useful links (both above ���) occurred fre-
quently�

Similarly�with respect to the situational (problem-help) aspect of task state� the
authors identi�ed six task states and explained them based upon the most frequent
search problem(s) and�or help needed� They used acronyms to represent each state



�� �� EXPLICATING TASK

here as it is di�cult to assign anymeaningful label to cover all traits of these problem-
help states�

• IO-P (frequency� ������ �� query segments)� The most frequently occurring
problem was information overload (IO) (�����) and main type of help needed
was web page (P) recommendation (���)�

• ASK-LT-PE (frequency� ������ �� query segments)� In this state� users were
very likely to experience the anomalous state of knowledge [��] (ASK� do not
know how to express their information need or what exactly they are looking
for) (���) and other barriers� such as lackof topic knowledge (LT) (���) and not
knowing potentially useful information sources (���)� In this state� they usually
prefer to have people (PE) who can guide them through the search process�

• ASK-SU-M (frequency� ������ �� query segments)� In this state� users were
very likely to encounter the ASK issue (���) and the problem of not knowing
useful sources (���)�Here� users often preferred to have multiple types of sup-
ports� such as page recommendation (���)� query recommendation (���)� and
strategy recommendation (���)�

• NP (frequency� ������ �� query segments)� In this state� users often had no
explicit search problem (NP) (���) and thus did not need any speci�c help from
the search system (�����)�

• LT-M (frequency� ����� �� query segments)� In this state� the problem of lack-
ing topic knowledge frequently occurs (���) and users needed multiple types
of help� such as page recommendation (���)� people recommendation (���)�
and search strategy recommendation (����)�

• SU-QU (frequency� ������ �� query segments)� In this state� users were very
likely to encounter the problem of not knowing useful information sources
(���) and usually prefered to have useful query recommendations from the
system (���)�

To test the validity of the above task states extracted by K-modes clustering
algorithm� the authors invited two assessors to do manual task state annotation and
computed the Cohen’s Kappa coe�cients  for all three pairs� (�) annotator A and
annotator B� ����� (ISI-based state)� ����� (PH-based state)� (�) annotatorAand clus-
tering algorithm� ����� (ISI-based state)� ����� (PH-based state)� (�) annotator B and
clustering algorithm� ����� (ISI-based state)� ����� (PH-based state)� The Cohen’s
Kappa agreements in all pairs are above �����which is considered substantial agree-
ment [���]� This high level of agreement demonstrates that the task state typology
generated by the clustering algorithm is reliable and can be used for further analysis�
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Also� it is worth noting that neither of the between-annotator agreements crossed the
threshold of “almost perfect” agreement (���) [���]� indicating that inferring implicit
task states from search interactions is not an easy job (even for human annotators)�

To further explore the boundaries between task states� the authors examined
the extent to which the identi�ed states di�er from each other in terms of the as-
sociated search behaviors� Table ��� presents the results of statistical tests on the
behavioral variation across di�erent intention-based task states� In general� when
participants had a relatively clear topic or speci�c item in mind (in exploitation or
known-item states)� they tended to issue longer� more speci�c queries and spend
more time on seeking the most relevant information directly on SERPs� In contrast�
when participants were in a learning and evaluation state� they tended to stay longer
on content pages and performmore clicks and bookmarks (for usefulness judgments)�
These results demonstrate that the intention-based task states are closely associated
with participants’ selections of search tactics in local search steps�

Table ���� Behavioral variations across di�erent intention-based task states�Median
(IQR) (*� p����� **� p����)�
Behavior Exploit Known Eplore Learn Dunn’s posthoc test

querylength* �(�) �(�) �(�) �(�) E�EX*�K�EX*�E�L*�K�L*

dwellSERP** ���(��) ���(��) ���(�) ���(�) K�EX*�E�L*�K�L**

dwcontent** ���(��) ����(��) ���(��) ��(����) K�E*�K�EX*�L�E*�L�EX*

N�content** �(�) �(�) �(�) �(�) E�L*�K�L*

totalcontent** ��(��) ��(��) ��(��) ��(��) K�E*�K�EX*�L�E**�L�EX*

N�clicks** �(�) �(�) �(�) ���(���) L�E**�L�EX*�L�K*�EX�E*

N�bookmark** �(�) �(�) �(�) �(�) L�E*�L�K*�L�EX*

Table ��� illustrates the behavioral variations across di�erent problem-help
states� The results indicate that when participants encountered the problems of ASK
and lacking topic knowledge (ASK-LT-PE)� they tended to bemore active in browsing
SERPs and reading content pages� seeking to �nd useful cues for formulating queries
and selecting correct search paths�When participants encountered the information
overload problem (IO-P)� theywere likely to be distracted bymany (irrelevant) infor-
mation items�which resulted in more clicking actions� In contrast�when participants
had no explicit search problem� they tended to bookmark more useful pages� indi-
cating that they were on the right track of searching�

����� BUILDING ACOMPREHENSIVEMODELUSING INFORMATION
ABOUTTASKS� USERS� AND THEIR BEHAVIORS

Now that we have seen how task types a�ect intentions and user behaviors� it is time
to ask how it all relates�Most studies we have seen – either while reviewing the rel-
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Table ���� Behavioral variations across di�erent problem-help-based task states (*�
p����� **� p����)�
Behavior Dunn’s posthoc test

querylength* ASK-SU-M�IO-P**� ASK-LT-PE*� NP*� SU-QU*

dwellSERP** ASK-LT-PE�IO-P**� NP**�LT-M*� SU-OU*�ASK-SU-M�NP*� SU-OU**

dwcontent N�A�

N�content* ASK-LT-PE�IO-P*� ASK-SU-M*� NP*� SU-QU*� ASK-SU-M�NP*

totalcontent** ASK-LT-PE�IO-P*� ASK-SU-M*� NP*� LT-M*� SU-QU*

N�clicks** IO-P�ASK-SU-M*� ASK-LT-PE�ASK-SU-M*� LT-M*� SU-QU*

N�bookmark** NP�ASK-LT-PE**� ASK-SU-M*� LT-M*� SU-QU*

evant literature in Chapter � or in the presentation of various case studies – were
focused on studying or establishing a connection between user behaviors and in-
tentions� or task types and behaviors� or task types and intentions� However� in an
information interaction episode� all of these are happening together�with one aspect
possibly a�ecting all others� For instance� a user’s background (e�g�� novice� subject
expert) may a�ect how di�cult they perceive a given task to be� and that in turn may
a�ect their behaviors�

To expand our views on user behaviors� intentions� and task types�we will now
consider a model that could give us a comprehensive understanding of how all of
these relate to one another�We will do that not simply to better explain these con-
structs in context� but also as a way to make better� more nuanced predictions in-
volving user behaviors and tasks� Speci�cally�we will look at the work byMitsui and
Shah [���]�which attempted to create such a comprehensive model – primarily as a
theoretical construct� but then also applying to some datasets – using path analysis
and developing a structural equation model (SEM)�

There are two methods to developing path models and SEMs� The �rst begins
with exploratory factor analysis to discover the optimal number of latent variables
in a SEM and the strengths of relationships between variables� This is followed by
con�rming themodel’s goodness of�t on external orheld-out data� Such an approach
was taken to model relationships between document reliability� understandability�
topicality� novelty� and scope [���]�

The second approach is to build a model from literature review� Signi�cant re-
lationships between variables from literature indicate dependencies�equations in the
model� This approach has been taken in works such as that of Khakurel et al� [���]�
Since much of the relevant literature has explored the relationship between task�
topic� browser signals� and other user characteristics� the authors adopted the lat-
ter approach� later examining their �ndings for con�rming evidence of their model
choice�
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Below the authors list all relationships included in their model (as directed and
two-way arrows)� They also identi�ed citations for relationships where signi�cant
di�erences have been found� taking the opportunity to list additional relationships
to test� All of these features were included in their most complex path model� as
discussed in the next subsection�

• Exogenousvariables� task goal� taskproduct� topic� andBackgroundvariables�

• Behaviors�Signals� Number of pages viewed� total content page dwell time�
total SERP dwell time� and query length for a query segment�

• Task! Behaviors� Task goal� product! Behaviors [��� ���� ���]�

• Task! Intentions!Behaviors�Task goal� product! intention groups [���]�
intention groups!Behaviors [���]�

• Task�Topic ! Search Experience� Task product� goal ! search di�-
culty [���]� Topic! topic familiarity�

• Background! Search Experience� Search years! search di�culty� Search
frequency! search di�culty�

• Background! Intentions� Search expertise! intentions [���� ���]�

• Experience ! Behaviors� Topic familiarity ! Behaviors [���� ���]� Search
di�culty! Behaviors [��� ��� ���]�

• Within-category Correlations� Adequate time  ! task di�culty [��]� As-
signment experience  ! search di�culty [���]� Task goal  ! task product�
Topic familiarity! search di�culty�

See Figure ��� for a summary of the full model� Each node of the model indi-
cates several variables� For instance� the “Task” node indicates three binary variables�
the task goal� the task product� and the task category� And a path indicates that there
is some dependency between them� Also note that henceforth we use “Behaviors”
and “Signals” interchangeably�

Model Variations
A path analysis begins with two basic models� the saturatedmodel and independent
model�The saturatedmodel assumes that all variables are correlatedwith each other�
That is� when given n variables there are n(n+1)

2 paths� The independent model� in
contrast� assumes no variables are connected to each other and that variables’ values
are only manifest through their error variance�



�� �� EXPLICATING TASK

Figure ���� The full path model used in Mitsui and Shah’s [���] analyses� Blue paths
indicate all connections used in the full path model� The red dotted lines indicate
paths that are omitted when intentions are omitted from analysis�
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Table ���� The di�erent models tested� as well as whether there are edges between
each group (Y�Yes�N�No)�

Model Name �T,E �T,I �B,E �B,I �E,S �I,S �T,S

Full Model Y Y Y Y Y Y Y
IB N Y N Y N Y Y
IE Y Y N N Y Y Y
I N Y Y N N Y Y
BE Y N Y N Y N Y
E Y N N Y Y N Y

Task Only N N Y Y N N Y

These two models are compared to the models the researcher creates� The
model constructed in the previous section is considered as the full model� The au-
thors derived several models from the full model as follows� (�) Select categories
of variables Cexcl = {C1, ..., Cn} (e�g� {Background� Experience})� and (�) Select edges
from Cexcl that would directly or indirectly connect it to task properties or browser
signals� and constrain the edges to �� Figure ���� in addition to showing the full �gure�
shows an example which disconnects the Intentions from task and signals� In addi-
tion to its direct connections� its connection to background is also severed so that it
does not in�uence the background variables�

One could remove variables from the path model entirely� but the evaluation
metrics for path analysis are relative to the saturated model� dependent on the co-
variance matrix� and therefore dependent on the number of variables� The authors�
therefore� constrained path values as above� See Table ��� for a summary of these
variations�

Evaluation Metrics
As a part of evaluation� it is reasonable to ask� How important is each variable cat-
egory in a�ecting task and�or behaviors? In path analysis� this is equivalent to� How
well do di�erent path constraints explain covariance in the data? The data supplied
to path analysis is a covariance matrix� That is� a square matrix ⌃ where each index
⌃ij is�

⌃ij = E[(Xi � µi)(Xj � µj)] (���)

Evaluation metrics for path models are largely based on goodness of �t� with
respect to recapturing ⌃� The saturated model recreates this covariance matrix per-
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fectly� while other models create an imperfect covariance matrix S� A fundamental
evaluation metrics �2� which compares S to ⌃�

�2 =
X

ij

(Sij � ⌃ij)2

⌃ij
(���)

A similar metric is the goodness of �t index (GFI)�

GFI = 1� Covresidual
Covtotal

(���)

Where Covtotal is the total covariance of S� and Covresidual is leftover covariance
from the error terms� higher scores are better�

Other scores adjust in favor of model simplicity� These penalize based on de-
grees of freedom� number of parameters� or the number of data points� Two such
are the adjusted GFI (AGFI) and parsimonious GFI (PGFI)� Another popular one� the
root mean squared error (RMSEA)� is provided by�

RMSEA =

s
�2 � df

df(N � 1)
(���)

Lastly� the Aikake information criterion (AIC) and Bayesian information crite-
rion (BIC) are provided as follows�

AIC = �2 + k(k + 1) + 2df (���)

BIC = �2 + ln(N)

✓
k(k + 1)

2
� df

◆
(���)

Where N is the number of data points� k is the number of parameters and df is
the number of degrees of freedom�

Results
The authors compared the saturated model� independent model� and those listed in
Table ���� Recall that in entries listed as N (No)� factor loadings � were constrained to
�� assuming these variables were unimportant in the model� They evaluated models
on two levels� First� they checked their goodness of �t and examined possible reasons
metrics could �uctuate� Second� they looked at signi�cant factor loadings� namely
signi�cant direct e�ects� indirect e�ects and total e�ects� This analysis led the authors
to the following conclusions�

The best model for most metrics uses only background and experience
measures� – While not having the smallest �2 among the tested models� the BE
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model has the smallest �2/df � It also ranks the highest for adjusted AGFI� which ad-
justs GFI for parsimony� and obtains the lowest RMSEA score� It has a relatively low
�2 and many degrees of freedom� This also helps to explain that while our full model
has the best AIC score� the BE model has the lowest BIC score�

The best-�ttingmodel uses all features� but it is not the simplest –While
the full model performs best in �2 and unadjusted measures� it is one of the poorest
performers in terms of adjusted measures� It has the worst AGFI and PGFI� and �2/df
is on a par with the independent model assuming no relationships�

In general� intentions reduce�2 at the cost of goodness of�t–Keeping the
background and experience constant� toggling the intents toggles the degrees of free-
dom by �� to ��� with a small improvement in �2� Also� each model with intentions
performs worse in several parsimony-based metrics with respect to its counterpart
without intentions� This happens universally for �2/df � AGFI� PGFI� RMSEA� and
BIC�

Experience variables account for much variance – All other factors held
constant� removing the links to and from experience variables adds substantial �2�
GFI� AGFI� and PGFI improve when removing experience� but most other metrics
worsen�

None of the models is a particularly good �t – The saturated baseline can
indeed be achieved by connecting all pairs of variables� and it perfectly �ts the data�
For good-�tting models� ideal �ts for �2/df � GFI� AGFI� PGFI� and RMSEA are �-
�������������� and ����� respectively� That said� the models are far from the ideal
range� including the full model� This suggests that there are many connections not
covered in this full model that should be included� This suggests potential gaps in the
literature�

All of these led to the following conclusions�
Inasmuch as covered by this model� there are still direct paths from task

type to browser signals – There are very frequently total and direct e�ects from
task goal� product� and topic to the browser features� This may be a genuine direct
e�ect or due to some unrecorded variable�

Topic familiarity also plays an important role – Each time topic familiarity
was included in the model� it had a signi�cant e�ect on the browsing features�More-
over� topic was only linked to topic familiarity and had signi�cant indirect e�ects to
certain browsing features �-� times� particularly query length� SERP dwell time� and
number of pages� Therefore� topic in�uences these not only directly but indirectly
through a user’s topic familiarity�

Intentions can in�uence searchers’ behavior� but in�uence from task
type to intention was not found – Several direct e�ects from intentions to be-
haviors can were found�However� only task goal in�uences �nd�access�obtain inten-
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tions� even though it does so in every model� While intentions may in�uence their
respective search session� perhaps intentions of a single query segment do not neatly
map to task types� Perhaps intentions aggregated over an entire session map neatly
to task type but not within a single query segment (counter to [��])� In the data� this
would make a di�erence� even though there are ��� query segment and the same
number of corresponding intention vectors� there are only �� sessions on two task
products� two task goals� and two topics�

There is some in�uence from a user’s background – Occasionally� a user’s
search expertise and journalism expertise a�ects browsing behaviors� but are not af-
fected by task�

We can see from this case study that not only is such a comprehensive model
necessary� but our current understanding of how these variables relate to each other
is perhaps incomplete� Speci�cally�we learned that task type seems to directly a�ect
browsing� but this e�ect is somewhat mediated by user factors like topic familiarity�
We further learned there are other variables that – agreeing with previous literature
– clearly a�ect browsing�The e�ectiveness of browsing behavior to predict task type
will ultimately be a�ected by variance in things like task di�culty� time pressure� and
intentions� which are di�cult to control but should be accounted for�We expanded
on previous literature with our complex path analysis yet still found several �ndings
that agree with past work�

��� SUMMARY
Much of the literature in IR that deals with task is situated around the idea that the
user either does not give us their task information or we cannot or should not ask
them directly� And therefore� these works attempt to infer task information from
other signals� Sometimes it is already known (e�g�� a student working on an assigned
homework problem) or given� We explored the latter possibility with a case study
where a user had explicitly expressed their tasks in a to-do application�While having
the clear expression of task is quite advantageous� it is not always enough as we may
lack other contextual factors� In the case study reported here� we explored a simple
case of taking a task title and associating it with a search engine query�Of course� sev-
eral tasks can be done using one or two queries� but more complex (and interesting)
tasks require more than a query or a question�

There are also times when we need to look at user behaviors and explicate task
information� A signi�cant challenge here is to �gure out what speci�cally about the
task that we want to extract� Do we treat task as a single� scalar variable? Or is it a
multi-dimensional construct? There are studies that look at a task along an individ-
ual dimension of type (fact-�nding� advise-seeking� exploration)� complexity� or the
support they need� There are also works that aim to extract multiple dimensions of
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a task� Often� the approach comes down to the ‘why’ question – why are we inter-
ested in extracting task information? Is it to understand and explain what the user has
done or is doing? Or is it to �nd an appropriate support that caters to that particular
task? As we will see in the next chapter� this question becomes a critical one as we
associate the task knowledge that we are explicating to the application or situation
where we want to apply that knowledge�



��

C H AP T E R �

Applying Task
Information for Search
and Recommendations

Wenowcome to a placewherewe have obtained task knowledge using somemecha-
nism– either explicitly expressed by the user or explicated fromother implicit signals
– andwewant to use it in enhancing search and recommendation applications�How-
ever� we want to do more than simply improve their performance� this chapter will
show howwe could even address the kind of problems we could not do without task
knowledge�Wewill start with summarizing some of the existing research (and there is
not that much) that directly apply task information to search or recommendation ap-
plications� Then we will look at a case study that uses reinforcement learning-based
approach for incorporating task information in a ranking model�

��� FEWEXISTING EFFORTS
Existing research has used task information at various levels in IR-based applications�
Some of the prominent ideas and outcomes in this space have demonstrated that task
representations can be used to provide users with better query suggestions [��]� o�er
improved personalization [���� ���]� recommendation [���]� and help in satisfaction
prediction [���� ���]�

Perhaps the more frequent and widespread use of task representations is
to build user models for personalized search and recommendation settings (e�g��
[���� ���])� Mehrotra et al� [���] used a tensor-based approach� representing each
user as a combination of their topical interests and their search task behaviors for per-
sonalization� Other works have developed various novel task context embedding to
learn the representation of queries by leveraging their task context information from
historical search logs to provide task-based personalization� query suggestion� and
re-ranking [���� ���]� Tolomei et al� [���] investigated the concept of task �ows and
analyzed a large-scale query log to generate task-based query suggestions� Baraglia
et al� [��] introduced the notion of search shortcuts and o�ered query suggestions to
drive users towards their goals�
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Vu [���] has also used tasks to model user interests in search� In the similar
vein but in other contexts� several scholars (e�g�� [�� ���� ���]) have leveraged task
information to provide long-term support for task completion� Cai et al� [��] used
task models to improve the ranking of retrieved search results to provide task-based
support to users� Tasks help users achieve their search goals and understand and
evaluate a system’s competency in helping users do so� Along this line� Hassan [���]
used search task construct to predict users’ satisfaction with the system� and White
and Kelly [���] used it to improve users’ relevance feedback� Song and Guo [���]
also demonstrated that task information could be useful to automate a particular task
in order to reduce user burden�

Other researchers have focused on assistive systems in terms of tours or trails
to lead users through their search process [���� ���]� predicting users’ next search
action in the immediate future based on the current actions� either by predicting the
next result click [��] or by predicting users’ short-term interests based on task topic
information [���]�

��� CASE STUDY� USING TASK INFORMATION FOR
RECOMMENDATION APPLICATIONS

Now we will take a look at a very recent work by Sarkar and Shah that considers
task context in which the user interacts with the system by sequentially selecting
recommendation items over a sequence of time to maximize the cumulative reward�
They de�ne this problem as a Markov Decision Process (MDP)� which includes a
sequence of states� actions� and rewards as described below�

• States (S )� the set of all states st which is a combination of users’ implicit and ex-
plicit feedback at time t

• Actions (A)� the set of all actions at that synthesizes the ranked list from a �nite set
of available options� such as adding an item into the list� at time t during the search
process�

• Rewards (R)� the set of all rewards ra(s, s0) represents the user’s feedback on the
recommended items after transition from state s to state s0 with action a� which
can be quanti�ed by providing ratings or clicking or not clicking�rating�

• Transition Probability (P )� the probability P(s0 | s, a) of state transitions from s
to s0 with action a�

Therefore� the problem statement of their framework is posed as� Given the
structural space of (S ,A,P ,R)� can we o�er a user the best recommendation pol-
icy ⇡ : S ! A (i�e�� a list of the relevant items)� which will eventually maximize the
cumulative reward for the search system?
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To solve the MDP� an intuitive method is to calculate the optimal action-value
functions Q⇤(s, a)� The authors de�ne the future cumulative reward at time t as Rt =PT

t0=t �
t0�trt0 � where T is the time when the optimal ranked list is recommended�

and � is a discount factor� This gives Q⇤(s, a) = max⇡E[Rt|st = s, at = a,⇡]� Following
Bellman equation� the optimal action-value function can be calculated iteratively�

Q⇤(s, a) = Es0~S


r + � ·max

a0
Q⇤(s0, a0) | s, a

�
(���)

where Q⇤(s0, a0) is the optimal value at the next time step� However� due to the
large size of both states S and actions A here� it is impractical to calculate the op-
timal action-value functions using Equation ���� Instead� the authors adopt Deep
Q-learning Networks (DQN) to train a Q-network with weights ✓ to approximate
Q(s, a; ✓) ⇡ Q⇤(s, a)� The loss function of Q-network is de�ned as�

Li(✓i) = Es,a~⇢(.)
⇥
(yi �Q(s, a; ✓))2

⇤
(���)

where yi = Es0~S [r + � ·max
a0

Q⇤(s0, a0; ✓i�1) | s, a] is the target for iteration i and

⇢(s, a) is a probability distribution over state s and actions a� When training the Q-
network� they di�erentiate Li(✓i)with respect to weight ✓� i�e��5✓iLi(✓i)� to calculate
the gradient�

����� THE PROPOSED FRAMEWORK
Typically� a task is conceptualized either as a multi-dimensional abstract construc-
tion or a concrete sequence of actions� Based on prior work� a task may be per-
ceived as a notion independent of users and their search process� However� users
may implicitly convey some individual traits with respect to the current task during
the search process� such as their prior knowledge about the topics relevant to the
task� and at the same time� may bring their own qualities independently of the task
(e�g�� their general search expertise)� Therefore� the task context of an information
retrieval and �ltering process can be de�ned as a combination of task topic (what)�
search intention (why)� and strategy (how)� The framework proposed by the authors
deconstructs the task contexts – what� why� and how in large-scale search logs by
examining the associations between user behaviors (i�e�� searching� browsing� and
clicking) and task contexts to improve users’ search experiences�

The framework is divided into these �ve phases�

• Phase �� identify necessary user-system and user-item interaction data from past
user studies and build background� user and activitymodels using reverse model-
ing process

• Phase �� extract topic� intention� and strategy information using these models
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• Phase �� build a reinforcement learning enhanced learning-to-rank prediction
modelwhich provides a list of ranked recommendations

• Phase �� validate the model’s capability to predict the next activity and outcome
in a search�browse session

• Phase �� evaluate the models with publicly available large web search logs

The premise behind the framework is that if the system knows one’s task� it is
better for recommendation applications than just knowing user actions� The authors
hypothesize� as it has been a central premise of this book� that we could provide bet-
ter recommendations tailored toward their information need if we know someone’s
task�

����� PHASES � AND �
To synthesize e�ective recommendations� a search system ideally requires three
kinds of information� user’s past behaviors� world knowledge� and user’s current be-
havior [���]� Based on these three types of features� it is possible to create three
predictive models� a background model (MB)� and user model (MU )� and an activity
model (MA)� respectively to describe the user’s task context� MU is associated with
users’ past actions for both short-term and long-term� such as queries formulated�
SERPs viewed� pages�items clicked in previous search sessions at a given time� or
multiple sessions in the past� Similarly� MA� the activity model� is associated with
user-item or user-query-item interactions at a given moment�

MB� on the other hand� represents a task and user features dependent or in-
dependent of each other such as the overall goal of the task� users’ knowledge� and
perception about the task or topic�

Collectively� these three attributes from the short-term and long-term history
of a user’s search activity� along with other contextual task-user inherent character-
istics� can model the user’s past task topics and search strategies� and what and how
they are trying to do now� Each model contains information for an action� its re-
sponse� and an assessment of the resulting usefulness (e�g�� whether the user clicked
or bookmarked)� The three predictive models could be represented as follows�

MA = f↵
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where� RSi and activityi represent the result set and user activity associated
with the i-th query segment� respectively�Moreover� f↵� f�� and f� describe the re-
lationship (potentially nonlinear) between relevant variables�

How much and what kind of behavioral data contribute to detecting the task
context can be drawn from existing lab and �eld studies�While existing studies have
identi�ed various searching and browsing behaviors and facets and attributes of task
and users� many existing search and recommendation system logs do not use all of
them as they are not relevant or of no interest� For example� the MovieLens dataset
does not contain click-through data� Amazon product review data also does not con-
tain queries issued by the users to retrieve products (further details in the next sec-
tion)� Therefore� in the approach reported by the authors� they tried to extract im-
plicit queries from the �nal search result accepted by the users and product relevance
or experience feedback provided by the users at the end of their task using reverse
modeling� Based on the relationships between the query� intent� and user response�
they retroactively traced back the user’s search path to users’ query or search intent
from the search result they received and reviewed�Once they established the intent�
they tried to infer the broader tasks� which motivated them to search for a particu-
lar product� To validate the synthetic task contexts� the authors applied their reverse
models on previous user study data� which contained all the task-user features care-
fully collected from the users� and compared the synthetic data inferred from the
reversed models with the labels provided by the users�

����� PHASE �
To synthesize a ranked list of relevant items� the authors developed a task-aware
reinforcement learning [���] enhanced predictive model taRLM� In reinforcement
learning� an agent repeatedly interacts with its environment in order to learn an opti-
mal policy� i�e�� how to take actions in di�erent situations� which subsequently max-
imizes the associated reward� For example� in the current context� the task-aware
ranking model is the RL-agent� and the user� i�e�� the information seeker� constitutes
the environment� Figure ��� shows a schematic of the proposed predictive model� In
what follows� the authors formulate the underlying MDP and describe how di�erent
aspects of the problemmaps into theRL-framework�The reasons theydecided to use
a reinforcement learning-based framework� (�) reinforcement learning based model
can continuously update strategies during user-system interactions� and (�) they can
learn a strategy that maximizes the long-term cumulative reward from users�

The authors de�ne the problem as an MDPwith associated states� actions� and
rewards to investigate how estimating task context from implicit behavioral signals
can aid ranking models� In particular� they use a combination of the background
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model (MB)� user model (MU )� and user activity model (MA) to de�ne the underly-
ing state (st) of the MDP formulation�

Moreover� the authors de�ne the action at as the ranked list synthesized by the
task-aware ranking model� As users’ search queries within a single search session are
focused on accomplishing a speci�c task� a recommended ranked list at a given time
stepwill in�uence the search query and associated behavioral signals at the next time
step� By treating this transition dynamics as a Markov process� this formulation as-
sumes that the system state switches from its current value (st) to the future value
(st+1) according to a transition probability P(st+1 | st, at)� During the course of a spe-
ci�c search session� a user browses the recommended ranked list and provides feed-
back by clicking or bookmarking or not clicking on the recommended document� In
this formulation� they use this information� i�e�� user feedback� to de�ne the reward
as the similarity between the recommended ranked list and the list preferred by the
user in the ground truth dataset�

The authors adopt Deep Q-learning to estimate the optimal action-value func-
tions Q⇤(s, a)� as shown in Algorithm ���� to solve the MDP� Speci�cally� they �rst
initialize the experience replay memory capacity and the action-value function Q�
Then they train the Q-network using the combination of ✏-greedy policy�minibatch
updates� and samples of experience to approximate Q⇤(s, a)�

Task-aware 
Ranking Model

RL-Agent
User with 

Information Need

Environment

𝐴𝑐𝑡𝑖𝑜𝑛 𝒂 : 𝑅𝑎𝑛𝑘𝑒𝑑 𝐿𝑖𝑠𝑡 𝐿𝑡

𝑅𝑒𝑤𝑎𝑟𝑑 𝒓 : 𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑑
𝑟𝑎𝑛𝑘𝑒𝑑 𝑙𝑖𝑠𝑡 𝐿𝑡 𝑎𝑛𝑑 𝑡ℎ𝑒 𝑙𝑖𝑠𝑡 𝑝𝑟𝑒𝑓𝑒𝑟𝑟𝑒𝑑 𝑏𝑦 𝑡ℎ𝑒 𝑢𝑠𝑒𝑟
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Figure ���� Overview of the task-aware reinforcement learning enhanced predictive
model (taRLM)� It highlights the interaction between a task-aware ranking model
and a user with speci�c information need to accomplish a task�
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Algorithm ��� � Estimating Q⇤(s, a) using DQN

Initialize replay memory D
Initialize action-value function Q with random weights

�� for episode = 1! N do
�� Initialize the start state s1
�� for t = 1! T do
�� With probability ✏ select a random action at at
�� otherwise select at = maxaQ⇤(st, a; ✓)
�� Execute action at and calculate reward rt and compose the next state

st+1

�� Store transition (st, at, rt, st+1) in D
�� Sample random minibatch of transitions (sj , aj , rj , sj+1) from D
�� if sj+1 is terminal yj = rj then
��� else

yj = rj + �maxa0Q(sj+1, a0; ✓)
��� end if
��� Perform a gradient descent step on (yj �Q(sj , aj ; ✓))2 according to

5✓iLi(✓i)
��� end for
��� end for��

����� PHASES � AND �
It is crucial to evaluate the e�ectiveness of the model and its components using cri-
teria against a set of standards before implementing them� In general� the goal of the
evaluation is the quality of the retrieved results as we will see in the next chapter�
The speci�c study designs and e�ectiveness measures vary by domains and research
problems�Depending on the nature of retrieved results�measurement of quality� var-
ious techniques of IR system evaluation is used� The test-collection approach can be
used to measure the quality and e�ciency of retrieved results using various met-
rics such as (MAP) [��]� Discounted cumulative gain (DCG)� and Normalized DCG
(nDCG) [���]� Overall� these traditional measures allow a direct comparison of the
baseline(s)� the experimental condition� and the simulation runs�

����� DATASETS
In the reported experiments� the authors train their framework using �ve datasets
– two in the context of movie and product search and recommendation and three
session-based information retrieval datasets� All �ve of them are publicly available
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and widely used in search recommendations and retrieval studies� They used the
TREC Session Track datasets to evaluate their model’s retrieval performance�

Yandex This dataset is a fully anonymized user session corpus from the Yandex
search log shared as part of the Personalized Web Search Challenge �� Unlike the
previous three� this dataset provides both long-term (one month of search history)
and short-term (session history) contexts per user� The dataset contains ���������
users� ���������� unique queries� ���������� unique item URLs� and �����������
records in the log�

TRECSessionTracks ���� and ���� Session Tracks ���� and ���� fromTREC�

are comprised of search logs of users conducting searches over sessions� rather than
performing ad-hoc retrieval� The ���� dataset comprises ����� user sessions� with
��� unique users (from Amazon’s Mechanical Turk) conducted searches across ��
di�erent topics from four types of tasks (�� unique prompts per search task type)�
Session Track ���� contains ��� queries and �� sessions� The search tasks were
designed based on two di�erent combinations of task product and task goal (based
on two task facets from [���])� (factual�amorphous) (intellectual�amorphous) (fac-
tual�speci�c) and (intellectual�speci�c)�

From these three datasets� the following search behavioral features can be ex-
tracted� query behavior� number of queries� length of a query� query reformulation
type� browsing behavior� number of clicks� the number of content pages visited�
dwell time (second)� mean dwell time on each SERP� mean dwell time on each con-
tent page� total dwell time on content pages� and usefulness judgment� number of
bookmarks� number of snippets� Based on these necessary measures� they further
extracted three types of feature sets� (a) behavioral measures in the current query
segment� (b) session-level behavioral measures prior current query segment� and (c)
the combination of (a) and (b) sets�

MovieLens ��M Dataset The authors used the ��M version of the MovieLens
datasets�� This version contains �� million user-item interactions with a minimum
interaction of �� per user� It is often used for evaluating CF models for movie rec-
ommendations� Since there is a single relevant item (one movie per query) per infor-
mation need� there was not much variation in task types�

Amazon Product ReviewDatasets The authors used another dataset in the con-
text of e-commerce – the Amazon review dataset�� This large dataset contains user-
item interactions on �� product categories from May ���� to July ����� Among ��
�https://www.kaggle.com/c/yandex-personalized-web-search-challenge/overview
�https://trec.nist.gov/data/session.html
�https://grouplens.org/datasets/movielens/20m/
�https://nijianmo.github.io/amazon/index.html#samples

https://www.kaggle.com/c/yandex-personalized-web-search-challenge/overview
https://trec.nist.gov/data/session.html
https://grouplens.org/datasets/movielens/20m/
https://nijianmo.github.io/amazon/index.html#samples
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categories� they extracted two di�erent subsets of product categories – Kindle Store
and Cell Phone – with di�erent size and sparsity to observe the performance of the
model on two di�erent conditions� In these two categories� the minimum number of
user-item interactions per user is ��

����� EXPLICATING TASKS FROMAMAZON ANDMOVIELENS
DATASETS

The majority of real-life� large-scale� publicly available datasets do not contain any
task information [���]�While Yandex and TREC datasets are complete datasets (e�g��
have all contextual features or can be derived from existing features)� MovieLens
and Amazon do not have all the browsing features� For Yandex and TREC datasets�
the authors used feature values accumulated from the start of a query segment (i�e��
when the user �rst issued the query) until the next query (or for the last query� the
end of the segment)� Table ��� contains some examples of extracted queries and task
descriptions�

To explicate task contexts from the MovieLens corpus� they used Stanford
CoreNLP [���] to automatically generate potential queries that users could ask to get
a movie name in answer� They �rst concatenated user-provided tags for each movie�
We cleaned the tags and removed any non-alphabetic characters and non-English
words�phrases�

The review dataset does not contain query information� However� directed
product search queries typically contain brand names� manufacturers’ names� or
other information describing the product category [���]� Therefore� based on this
observation� Van Gysel et al� [���] proposed a query generation process to automat-
ically generate queries based on the product categories� For example� for each item
in a product category p� a query q is being generated based on the descriptive terms
in the category hierarchy of p� and all the items within that category are marked as
relevant for the query q� Although the queries were automatically constructed� it is
a standard approach within the research community to generate queries from real-
world data (e�g�� [���� ���])�

For the Amazon datasets� the authors selected the most detailed and helpful
review of each item based on users’ helpfulness scores as the task description [���]�
If there is no helpful score for an item review� they picked a review randomly� Then
the authors cleaned up the data by removing special� non-ASCII characters and stop
words�Furthermore� theyevaluated the task extractionmodel trained on theAmazon
datasets by using an automatic evaluation methodology [�� ���]�
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Table ���� Example queries extracted from our reverse model

Example queries extracted through datasets without query

MovieLens�
–Which movie based on a comic superhero chris evans
hugo weaving marvel world war ii
– What movie is based on a true story dogs loyalty

Amazon Kindle Store�
– Amy Brewster Mystery
– story about Chewbaccas son Lumpy

Amazon Cell Phone�
– smart phone with large screen
– phone with external storage

����� EXPERIMENTSWITH THE FRAMEWORK
Let us now look at the parameter training procedures� In this work� the authors uti-
lized the DQN algorithm [���� ���] to train the parameters of the proposed frame-
work� DQN is a model-free o�-policy actor-critic algorithm� combining Q-Learning
with deep neural networks� In DQN� when given a pair of state and action� the en-
vironment is supposed to return the reward� However� in this problem� one cannot
observe real-time user response� Therefore� the authors used the existing data to
judge the relevance of documents�

The authors trained and evaluated their task-aware ranking model with ���
training and ��� testing data� For each dataset� they used the �rst ��� of the
search and recommendation sessions in temporal order as the training set and the
later ��� sessions as the testing set� For a given session� the initial state was col-
lected from the previous sessions of the user� They leveraged N = 10 previously
clicked�reviewed�rated items as a positive state� Each time the model recommended
a list of K = 10 items to users� The reward r of skipped�clicked�reviewed�rated items
was empirically set as � and �� respectively� For the parameters of the proposed
framework� such as K and �� they selected them via cross-validation� Correspond-
ingly� they also did parameter-tuning for baselines for a fair comparison�

����� EVALUATION ANDDISCUSSION
The authors conducted extensive experiments to evaluate the e�ectiveness of the
proposed framework� They examined (�) how the proposed framework performs
compared to representative baselines� and (�) how the task features contribute to
the performance of the proposed framework� To evaluate the performance of their
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framework� they selected normalized discounted cumulative gain (nDCG) of the top
�� items (nDCG@��) as the metrics to measure the performance� nDCG is a ranking
metric that accounts for the hit’s position by assigning higher scores to hits at top
ranks� For the TREC datasets with sessions data� they compared their model with
TREC best and median [��] baselines� The authors compared with two additional
learning-to-rank models�Win-Win [���] and Multi-MDP [��]� Both of them imple-
mented the MDP-based learning models using TREC Session Track data to develop
adaptive ranking models� Table ��� shows that their framework (signi�cantly) out-
performed all baseline models�

Table ���� Accuracy of methods� Comparisons among various ranking models for
TREC Seesion Track datasets

Model TREC ���� TREC ����
nDCG@�� nDCG@��

TREC best ������ ������
TREC median ������ ������
Multi-MDP(MAX�QT) ������ ������
Win-Win ������ NA
taRLM ������ ������

The authors compared taRLM’s performance with �ve representative base-
lines�

• DQN� ADeep Q-network (without task features) [���]

• DNN� A deep neural network with back propagation technique�

• Neural Collaborative Filtering (NCF) [���]� a combination of a generalized ma-
trix factorization and a fully-connected network�

• Collaborative Deep Learning (CDL) [���]� a neural network based hybrid-
recommendation model�

• Joint Search and Recommendation model ( JSR) [���]� a matrix factorization
based joint search and recommendation model�

The authors calculated both metrics for each test session and reported the av-
erage score across all sessions� Table ��� shows that for MovieLens and Amazon Re-
view datasets� their framework achieves comparable performance with DQN� CDL�
and JSR� This result indicates that taRLM is suitable for adaptive search systems and
works for ad-hoc�non-session data� For session-based complete datasets� i�e�� the
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data from the Yandex and TREC Session tracks� taRLM outperforms other baselines
signi�cantly� To sum up� according to the Table ���� the proposed model produced
a somewhat comparable performance using task-context information� It performed
signi�cantly better than the most representative baselines� To validate their frame-
work’s e�ectiveness� they investigated how the proposed framework taRLM per-
forms with task features changes while �xing other parameters�They ran theirmodel
on the TREC ���� Session track� both with the task aspects and without them� The
results showed that the proposed framework can indeed boost ranking performance
with task features� All of these �ndings� once again� demonstrates the importance of
task aspects in the search system context�

Table ����Accuracyofmethods�Comparisons among various recommendationmod-
els

Model ML ��M Amazon Yandex TREC ���� TREC ����
nDCG nDCG nDCG nDCG nDCG

DQN ���� ���� ���� ���� ����
DNN ���� ���� ���� ���� ����
NCF ���� ���� ���� ���� ����
CDL ���� ���� ���� ���� ����
JSR ���� ���� ���� ���� ����

taRLM ���� ���� ���� ���� ����

��� SUMMARY

The research literature is �lled with studies over the last several decades that try to
understand and explain the task one has as theywork through an information seeking
episode� Often the motivation for doing so is to determine appropriate support that
we could provide to that user for that situation� As it has been a core premise of this
book� addressing one’s task rather than their individual query or question at a time
could have far reaching implications for not only the existing IR systems� but also
emerging modalities that intelligent agents can support� However� when it comes to
taking task information to doing just that� we do not �nd a �urry of existing works�
It could be that we needed all this time� development of methodologies� and strong
enough results about explicating task information before we could start using it re-
liably in IR applications� If that is the case� perhaps now we will start seeing more
work that starts going beyond understanding and explicating task information� and
incorporating that information in existing and new IR situations�
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In this chapter�we described one such case study that attempted to incorporate
task knowledge in a ranking application using a reinforcement learning approach�
This case may appear to be a speci�c scenario with promising results� but the im-
portant point to take away from it is that there are systematic ways to consider task
information in current methods of ranking (think search) and �ltering (think recom-
mendation)� As this case study did� there are other current works and there will be
more works that take a very speci�c� narrow approach to applying task information
in an IR application� Perhaps that is all we need – application or situation speci�c
application of task information� Or perhaps we can think about having a general-
purpose representation of task that is independent of applications or situations�We
will revisit this idea in the last chapter as we talk about future directions�
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C H AP T E R �

Task-Based Evaluation
Evaluation is a critical topic in search and recommendation [���]� System design-
ers need to understand� based on o�ine studies and experiments with human sub-
jects� what works well and what needs improvement�When it comes to task-based
search and recommendation�we must consider howwell systems support aspects of
the task completion process and the attainment of task outcomes� The task comple-
tion process is often complex and exists within situations that extend well beyond
the engagement with information systems (e�g�� elsewhere in the task life cycle (e�g��
preparation� use) [���] and more broadly� considering associated contexts [���])� It
is insu�cient to evaluate task support based solely on speci�c aspects of the sys-
tem (e�g�� click-through rates on lists of recommended items)� We need to evaluate
complex systems both holistically and per component to reach actionable conclu-
sions and understand howwell these systems are doing� There are many choices for
methodologies and metrics� and it is not always apparent which ones to use� In this
chapter� we will cover several such metrics and show� through several case studies�
how they can be used andwhat they can tell us about the capabilities of systems being
designed to provide task support to users�

Given the interactive nature of the systems we describe� there is an important
human element in the evaluation process� it is insu�cient to solely target system
functionality when systems and people must work together synergistically to com-
plete tasks [��]� This is already an active research area� For example� Järvelin et al�
[���] proposed a theoretical framework for task-based information interaction (TBII)
evaluation derived from program theory [���]� The TBII evaluation framework con-
siders systems within� albeit limited� contexts� and cognitive states that evolve over
the course of the task� It studies system contributions towards task outcomes�where
the system includes the role of the human actor� Despite their promise� it is chal-
lenging to build these frameworks without supporting data� The TBII framework fo-
cuses on general level models� speci�c (learning-based) tasks� and ignores the so-
cial�collaborative aspects that underlie many tasks [���� ���]�

In this chapter� although we cover evaluation methodologies brie�y at the out-
set (primarily for completeness)� we mainly focus on evaluation metrics� These are
the measures used to compute task performance and focusing on them enables us to
explicate the various ways that systems can support task accomplishment and avoid
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being too narrowly focused on speci�c systems or components� The key questions
we answer in this chapter include� (i) How do we measure system performance in
task-based settings? (ii) How do we determine task progress and task completion?
(iii) How do we assess the performance of systems supporting proactive experiences
designed to boost awareness and task completion?

Before diving into the details� let us begin with an example� Imagine a system
that supports complex tasks via voice interactions� We will discuss such a system
in more detail in one of the case studies in Section ���� That system could have an
automatic speech recognizer (evaluated using a metric such as word error rate)� an
intent understanding model (or models) (with a metric such as accuracy)� question
answering component (with a metric such as answer correctness)� and so on� The
performance of those individual elements is certainly important� but it is the per-
formance of the full system (all components combined) that matters most to users
and will determine the quality of the user experience� We need integrated metrics
[���] and we need to consider how the components interact� compounding errors
in chained components (e�g�� a speech recognition error may cause an intent under-
standing error)� and other issues (such as how to interpret integrated metrics when
the underlying user or taskmodelmaybe unclear)�All of these elements contribute to
task success� one holistic measure of system e�ectiveness�We will describe a range
of holistic metrics� and also discuss combining them and factors that a�ect them�We
conclude with case studies illustrating the application of these metrics in practice�

��� METHODOLOGIES
There are many standard practices in evaluation methods (user study protocols� in-
struments� etc�) that apply to evaluating task based systems (see [���] for an excellent
summary)� These methods can be o�ine� without live users and focused on speci�c
components of a system (e�g�� ranking e�ectiveness) in highly controlled settings� or
online�with less control but more realism� In information retrieval (IR)� the Cran�eld
experiments [��] and TREC [���] have been essential in driving progress in the de-
velopment of benchmark test collections and new ranking algorithms� TREC even
featured a Tasks Track from ����-���� (see [���] for more details)� Cran�eld and
TREC abstract away many of the human elements and focus on top resources and
the document to query match� Beyond Cran�eld and TREC� evaluation of search
and recommendation systems is now taking a broader view on tasks� users� and con-
text [���]� helping to improve the realism of the experiments and the reliability of
the conclusions drawn from them�

Alternative methods include laboratory studies (using simulated work tasks
[��])� retrospective log analysis (which o�ers a limited lens on tasks� i�e�� only what is
observable through user actions)� A�B testing (which is being used extensively byma-
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jor search providers [���] (absolute performance) alongside interleaving [��] (relative
performance))� ethnographic (small-scale observation-based) studies [��]� and sim-
ulations of search behavior [���� ���] (which must be validated prior to use [���])�
Evaluating intelligent systems in situ [��] considers the realities of how people use
systems in practice (e�g�� diverse sets of users�tasks�intents� natural interaction) versus
the static benchmark test collections used extensively in IR evaluation [���]�

Tasks often extend over time and can be part of largermacrotasks (e�g�� planning
a wedding� taking a vacation)� Longitudinal studies are time consuming to perform
and experimenters must sacri�ce some control� which is good for realism but can
lessen the generalizability of the claims that can be made from the �ndings� Meth-
ods such as “living laboratories” [���] can help bridge user-centered research and
system-centered research� enabling comparative evaluation over systems and time�
They include resources� tools� and infrastructure for collaborative experimentation�
E�orts to date have focused living laboratories on speci�c settings� e�g�� popular
queries [��] or cross-language [���]� Combinations of methods (so-called “mixed
methods” studies) provide a more complete picture than that available from a single
method (e�g�� retrospective analysis of search engine query logs [���])� coming at the
cost of additional study complexity and resource expenditure�

��� METRICS
As mentioned earlier� despite the broad array of methodologies� the focus of this
chapter is on task-based evaluation metrics� Metrics are central to understanding
how systems are performing and where they can improve� Evaluating systems on the
basis of task performance (e�g�� the extent to which users were able to solve problems
using search) has been explored for decades [���]� Search and recommendation sys-
tems are only a means to an end� a tool to support some aspects of task completion�
Toperform task-based evaluation�weneed to consider both processmetrics and out-
come metrics� There may also be pre-task metrics� associated with preparation and
preparedness� but those are more user- and scenario-dependent than system depen-
dent (so wewill not focus on those in this chapter)�All metrics make (often implicitly)
assumptions about user behavior when performing a task� Conceptualizing tasks and
creating task models are important in determining appropriate evaluation metrics�
These models must be validated against real user behavior in log data [��]�

We group these holistic metrics into two categories� process and outcome��

The metrics space is incredibly rich and we will not have an opportunity to discuss
all metrics from each category in this chapter� We aim to highlight a few important

�Later in the chapter� especially when we get to the case studies� we will also break out metrics by holistic
(about overall task performance) and per component (about a speci�c system element)� Per these de�nitions�
all of the metrics we focus on in Section ��� are “holistic” and applicable across systems and scenarios�
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metrics that are especially relevant to task-based scenarios and mostlymeasurable at
scale� and provide some pointers for the reader to learnmore about the othermetrics
as desired�

Process
Process metrics are focused on how people attempt to complete the task� regardless
of the task outcome� The primary metrics we will cover in depth are�

• Time� The time taken to complete the task� both the actual time and the time
as perceived (which can di�er from stopwatch time� e�g�� during �ow [��])�

• E�ort� The user e�ort expended to complete the task (e�g�� the number of ac-
tions� such as queries issued� recommendations reviewed� or dialog turns)�

• Engagement�The connection between the user and the system� spanning emo-
tional� cognitive� and behavioral aspects�

• Progress� How far through the task the user has gotten� including simply
whether or not the task is yet completed (binary signal� independent of success)�
or more detailed task status (e�g�� ��� complete)�

These four popular metrics are broadly applicable across tasks and systems� are easy
to de�ne� and can mostly be computed at low-cost at large scale�We elect to leave
out metrics such as�

• Cognitive load� The demands placed on people’s cognitive capacities by the
task and�or the system (e�g�� [��])� This has been studied in search and recom-
mendation� e�g�� in search� both Beaulieu [��] and Bruza et al� [��] examined
cognitive load in the context of query reformulation�

• Learning� The amount of new knowledge gained or the cognitive transforma-
tion that has occurred during the task completion process (e�g�� [�])� This has
been well explored in task-based search and recommendation� e�g�� Eickho� et
al� [��] studied within- and cross-session learning during searching� Liu et al�
[���] studied knowledge change during task completion� and Rieh et al� [���]
examined search as a learning process�

• A�ect� The impact on user emotional state of performing the task on the sys-
tem� e�g�� Feild et al� [��] analyzed user frustration during the search process�

• Usability� The ability to perform tasks while also enjoying the experience (e�g��
[�])�Usability is a complex construct that is closely connected to the user experi-
ence andmay include some of themetrics that we focus on here (e�g�� e�ciency�
e�ectiveness� and satisfaction [���])�
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Many of the excluded process metrics are more abstract and more challenging to
de�ne and measure� especially at large scale in operational systems (proxies are not
easy to de�ne)� Nonetheless� they are still important and need to be understood as
part of developing a comprehensive picture of task e�ectiveness�

Outcome
Outcomemetrics are focused on the product of the tasks� either a real outcome (e�g��
achieving task completion� obtaining relevant information) or a user-perceived out-
come (like satisfaction)�We focus on the following three outcome metrics�

• Utility� The value of information obtained to complete the task� with a special
focus on relevance� a core construct in search and recommendation�

• Success� Whether the task objective was accomplished� This need not be bi-
nary� users can be partially successful at accomplishing tasks�

• Satisfaction�Whether users were happy with the outcome of the task and the
process� This may be a function of the task completion process� as well as a
successful task outcome�

The data required to calculate thesemetrics can be collected directly from users (e�g��
via in-situ surveys [��]) or inferred from user activity� There are many other metrics
that we will not have an opportunity to cover in this chapter� including�

• Novelty and diversity� The amount of new and�or diverse information ob-
tained during the task� e�g�� surfaced by a search engine [��]�

• Creativity�New task-relevant thoughts and ideas that come from using the sys-
tem and performing the task� e�g�� in creativity support tools [���]�

• Adoption and retention� The long-term impact of using the task system� in-
cluding whether users return to that system for the same or similar tasks over
time� e�g�� in search engine switching [���]� and sustained use [��]�

Once again� the excluded metrics are less well de�ned and depend on access to data
that may not be available (e�g�� creativity is challenging to measure� novelty is di�cult
to determine� retention requires tracking user activity over time in ways that may not
even be permissible given privacy considerations)�

Additional Considerations
Beyond the metrics listed above� there are many others that are important in evalu-
ating search and recommendation systems� including robustness� privacy� adaptivity�
and scalability [���]� In developing and applying these metrics�we also need to con-
sider user models (personas� experienced searchers with clearly de�ned tasks� e�g�� a
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librarian or other search intermediary) and task models (a variety of di�erent search
strategies and goals [��� ���])� It is also important to understand the nature of the user
experience� For example� search and recommendation systems might have quite dif-
ferent engagement models (search is usually reactive�while recommendation is usu-
ally proactive)� This will impact how the metrics are de�ned and interpreted� e�g��
it might be appropriate to track interruptions and suggestion acceptance as part of
evaluating a recommendation system but likely not a search system� Also�metrics do
not exist in isolation – they interact with one another� e�g�� e�ort a�ects satisfaction
[���] and they trade o�� e�g�� time taken versus coverage [���]�As such�metrics need
to be contextualized� e�g�� not all e�ort is detrimental (extra time and e�ort to get the
same result)� however� more e�ort could also mean learning more about di�erent
perspectives� enabling a user to be more informed and make better decisions�

����� TIME
The �nal process metric we focus on is time on task� Time on task has been used
extensively as a productivity and usability metric [��]� In search systems� task com-
pletion time has been used for search evaluation [���]� Xu and Mease [���] showed
that time on task is negatively correlated with user satisfaction� lower time to task
completionmeansmore user satisfaction� Figure ��� shows the histogram of per-user
time-satisfaction correlations from their study�

The time spent on speci�c documents has been used as a satisfaction signal�
e�g�� so-called “decision time” (the time taken to decide whether a document is useful
or not) [���] or “dwell time” [��]� Task has been shown to a�ect times [���] and they
can vary per task� per individual� and both combined [���]�

Expanding to full sessions� Smucker andClarke [���] studied time from the per-
spective of gain per unit time (so-called “time-based gain” (TBG))�moving past some
of the simplifying assumptions about user behavior in current e�ectiveness measures
(some of which we will discuss in Section �����)� As we try to model tasks in a search
context� we often �nd ourselves discussing sessions (sequences of interactions de-
marcated by topic or time [���])� which are not exactly the same as tasks (especially
given multi-tasking [���]) but are a reasonable proxy for task in a search setting and
could also be a source of more direct data on tasks [���]�

In [���]� the authors consider the fact that rather than spending an equal
amount of time per document� as is often assumed� users in fact spend much longer
on some documents than others� The plot in Figure ��� shows the amount of varia-
tion in total search times for a task (time from �rst search to last click) in one of their
studies on this topic� based on search log data [��]� The time required to complete
the performed task is in�uenced by aspects such as document length� duplicates� and
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Figure ����Histogram of correlations between task completion times and satisfaction
for each user�Note the strongly negative correlation of task completion time and user
satisfaction�The results suggest that the shorter the total time on task� themore likely
users are to be satis�ed� The red dot signi�es no correlation� Figure adapted from
[���]�

summaries� TBG explicitly accommodates such aspects of the search process in an
evaluation metric that enables search systems to be compared�

Human factors researchers have developed GOMS� a human information pro-
cessor model for human-computer interaction observation that describes a user’s
cognitive structure in four components� goals� operators� methods� and selections�
[��]�GOMS is a widely usedmethod by usability specialists� o�ering quantitative and
qualitative predictions of how people will use a proposed system� With GOMS� an
analyst can easily estimate a particular interaction and calculate it quickly and easily�
This is only possible if the average “methods-time measurement” (MTM) [���] data
for each speci�c task has been accurately measured experimentally [���]�MTM is a
predetermined motion time system that is used primarily in industrial settings to an-
alyze the methods used to perform anymanual operation or task and set the standard
time in which a worker should complete that task�

Moving beyond search and beyond objective (stopwatch based) assessments of
time can be challenging formany reasons� Subjective perceptions of elapsed time are
subject to the e�ects of attentional demand (degree of focus on the task at hand) [���
���]� experience with the task [���]� and task di�culty (e�g�� for easy tasks� people
tend to overestimate time [��])� Similarly� people can face challenges in forecasting
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Figure ���� Empirical distribution of time spent searching (from �rst search to last
click)� Each circle is the fraction of the user population searching for that time�There
is clear variability in search time across the population� Figure adapted from [��]�

the amount of time a task will take� They have a tendency to underestimate that time
because of biases such as the “planning fallacy” (overcon�dence) [���]� In recent
work�wehave used large-scale data and deep learningmodels to estimate the amount
of time tasks will take [���]� including detecting extremely short tasks (microtasks)
[���]� addressing some of the limitations of subjective time assessment�

����� EFFORT
E�ort can bemeasured objectively as quanti�ablemeasures ofwork involved in com-
pleting a task� or as e�ort perceived by the actors in task completion� E�ort can as-
sume many forms� depending on the application� In search� e�ort is typically con-
nected to the number of searches or clicks that are needed (e�g�� Azzopardi et al� [��]
showed that query “cost” a�ects search behavior)� In digital assistance� e�ort can be
the number of actions or steps the user must take� In conversational experiences� it
could be the number of dialog turns� including the number of clari�cations� which
may require additional e�ort� In recommendation systems� it might be the number
of system suggestions the user needs to triage� Kelly [���] discussed the relationship
between expected and experienced e�ort� She argued that if the experienced e�ort is
less than expected� the task is considered easy� if experienced is similar to expected�
the task is consideredmoderately di�cult� and� if the experienced e�ort is more than
expected� the task is considered di�cult�
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E�ort underlies many of the user models in IR evaluation� E�ort-based mod-
els �x a certain e�ort and measure the utility in terms of relevance retrieved� Ex-
amples of associated metrics� DCG and nDCG [���]� and other rank-based metrics
(e�g�� graded average precision (GAP) [���]� rank biased precision (RBP) [���]� and
expected reciprocal rank (ERR) [��])� all assume searcher e�ort is linear to the (ex-
pected) number of examined results [���]� Utility-based models �x a certain utility
and measure the e�ort needed to obtain it� Examples of associated metrics are mean
average precision (MAP) and other recall-basedmetrics�Dupret and Piwowarski [��]
argued that predicting user behavior in search sessions requires user models (devel-
oped based on intuition- and�or data-derived assumptions about howpeople will en-
gage) that neither �x e�ort and utility� but combine both in a single model� In doing
so� they unlocked a new line of research incorporating the dynamic� interactive as-
pects of information seeking behavior�Dupret and Piwowarski’s focus on comparing
usermodels rather than metrics is useful� since usermodel �delity can be established
independently [���]�

Research on information foraging theory (IFT) considers the amount of gain ob-
tained as a function of the time�e�ort invested in a particular path [���]� IFT has its
roots in marginal value theorem (MVT) [��]�MVT is an optimality model describing
the behavior of an optimally foraging individual in a system where resources are lo-
cated in discrete patches separated by regions with no resources (necessitating inter-
patch transit time)� See Figure ��� for a visual depiction of the MVT�

Figure ����Visual depiction ofmarginal value theorem�Resource intake (solid curved
line on right) increases but plateaus as resources are depleted�Transit time endswhen
a new patch is encountered� The tangent to the intake curve maximizes the ratio
between resource intake and time spent foraging and traveling�
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Figure ���� Visual depiction of the MVT applied to search� with two di�erent SERPs
(X and Y) with di�erent gain curves� Searchers will likely abandon the SERP when
the gain drops below the tolerated gain A� Figure adapted from [��]�

Researchers have applied IFT and similar concepts in the context of search [���
���]� considering the amount of gain searchers obtain as they navigate search engine
result pages (SERPs)� Azzopardi et al� [��] argued that searchers will stop examining
a SERP when the rate of gain falls below the tolerated gain (A in Figure ���)� At that
point� the searcher will likely reformulate their query or stop searching�

IR researchers have long considered e�ort to be a core part of the search pro-
cess� Cooper [��] proposed a metric called “expected search length” (ESL)� based on
the expected numberof documents that had to be read to encounter relevant content�
Dunlop [��] extended the ESL metric to measure the expected time required to �nd
a certain amount of relevant results� Kazai et al� [���] proposed “e�ort-precision�”
the ratio of e�ort (number of examined results) to �nd the same amount of relevant
information in the ranked list compared with an ideal list� These methods all assume
that examining di�erent results involves the same e�ort�Research on TBG (discussed
earlier) [���] and the “U-measure” [���] (similar in some respects to TBG� but �exi-
ble enough to also handle other SERP elements� e�g�� snippets� direct answers) have
gone some way to addressing this� Beyond search� recent work in the context of in-
telligent assistance has shown that user satisfaction is negatively correlated with the
amount of e�ort to complete the task�more e�ort means less user satisfaction [���]�

����� ENGAGEMENT
Engagement can be de�ned as “a user’s response to an interaction that gains� main-
tains� and encourages their attention� particularly when they are intrinsically moti-
vated” [���]� The intrinsic motivation aspect is important and describes the require-
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ment that the interaction be driven by internal rewards� i�e�� is satisfying to the user�
Engagement covers the emotional� cognitive� and behavioral connection that exists
at any point in time and over time� between users and the system [���]� Research in
this area leverages a range of signals� from user activity (clicks� hovers� swipes� etc�)
to self-reports and cognitive measures (physiological� perceptual)�

The signals can be combined (e�g�� think alouds plus user activity) to gain amore
complete picture of user engagement� but in doing so experimentersmust be cautious
of interaction e�ects� For example� asking users to think aloud (express their thoughts
as they try to complete the task) may interfere with passive monitoring of their activ-
ity� In addition� engagement can be a�ected bymany factors� including user and task
characteristics� the user experience� and various biases�O’Brien and Toms [���] and
Lalmas et al� [���] both o�er excellent summaries of research in this area�

It is worth noting that while engagement is important� it may not always be a
central goal of task-based systems� In open-domain dialog systems� the primary goal
is tomaximize user engagement [���]� In contrast� task-oriented dialog systems focus
on accomplishing a speci�c task in one or more domains [��]�

����� PROGRESS
The �nal process metric we will consider is task progress� This describes how far
through a task a user has gotten� or conversely� how close they are to completion� It
also includes simply a binary determination of whether they have completed the task
versus whether the task is still in progress� For the purposes of our discussion� we
will decouple progress from success� an outcomemeasure that we will cover later� In
analyzing task progress�we need to consider that tasks can be self-contained (simple�
atomic tasks performed within a single session) or� as Figure ��� suggests� they can
span multiple sessions [���] and multiple devices [���� ���] (complex�multi-faceted
tasks with multiple dimensions requiring di�erent resources)� which can complicate
the monitoring of task progress given the presence of many latent variables�

For some tasks� such as transactional tasks or fact-�nding in online environ-
ments� where activities may be discernible and the answer may be known� detecting
task completionmaybe straightforward� e�g��measurewhether people reach the des-
tination resource [���]� For other task types� such as learning tasks� we need to un-
derstandwhether users obtain value from the journey itself [���]�which can bemore
important in the long-term (e�g�� in terms of cognitive development) than reaching a
single destination� The user’s mental model of the task becomes clearer as the task
proceeds [���]� Related are studies of “�ow” [��]� a state of concentration so focused
that it amounts to absolute absorption in an activity� Studies have shown that these
optimal experiences occur when the task is clear and doable� we can concentrate
su�ciently to become immersed in the task� we have control over progress� and get
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Figure ���� Cross-device timeline illustrating a task (�nd a local restaurant) spanning
both mobile and desktop devices� This illustrates the complexity of real-world tasks
and the need to support them across time and space� Figure adapted from [���]�

immediate feedback on progress� This is related to our earlier discussion of time (in
Section �����)� when users are in the �ow� the sense of duration of time is altered
(perceived time is shorter)�

For many tasks� especially those in the physical world� we may only observe
some user actions� making it di�cult� if not impossible� to reliably track progress�
Task progress can be tracked using dedicated tools [��] such as task management
applications and project management systems� These can help track progress in in-
dividuals (o�ering reminders and a “mark complete” a�ordance) or teams (tracking
dependencies� overall project completion percentage)�

In practice� users may not explicitly mark tasks as complete� in which case� re-
cent developments in automatic task completion detection can be useful [���]� Re-
search has built benchmarks for measuring task progress in digital assistants [���]
using the experience sampling method (ESM) [���] to collect task labels in-situ (pe-
riodical and on-demand surveys) and using daily reconstructionmethod (DRM) [���]
(recollect and label a sample of their tasks� e�g�� [���])� The data collected from these
surveys could be used to train machine-learnedmodels to estimate the stage in a task
and whether a task is complete at a given time and�or speci�c context(s)�

In task-oriented dialog systems� where the task is clear and the information
required is known (e�g�� restaurant reservations)� the focus tends to be on metrics
such as the number of slots �lled (x of y) [��]�Of course� that depends on knowledge
of the task (total number of steps) and being able to observe the aspects of the task as
it is performed� including the steps users have taken and the (sub-)task completion
event(s)� This is possible for stepwise tasks� such as cooking� reservations� and so on�
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����� UTILITY
We now turn our attention to the �rst of the outcome metrics� utility� Belkin et al�
[��] provide a methodological view to the problem of evaluating interactive IR� The
main idea is centered on breaking down the information seeking episode into a se-
quence of interactions� each with a sequence of information seeking strategies� and
propose to evaluate each interaction as well as the overall episode in term of metrics
such as task accomplishment and perceived usefulness (de�ned with respect to the
documents accessed� the result ranking itself� query suggestions presented� etc�)�

In search and recommendation settings� the primary measure of utility is rele-
vance� Relevance describes the value of the information encountered—irrespective
of how it is encountered—in the course of attempting the task at hand� It is personal
and situational [���]� Even within the same search task� relevance is a�ected by the
stage in the task [���]� Relevance metrics (often based on topical match via third-
party judgments) help estimate support for task completion (a proxy for task success)�
Many relevance metrics have been proposed� e�g��MAP� (n)DCG� RBP� precision at
rank k (P@k)� etc�� all of which encode di�erent user models [���]� These metrics
are commonly used in search and recommendation evaluation to estimate system
support for task completion� Multiple metrics can be used since they provide com-
plementary information� the challenge is performing meta-analysis across multiple
metrics and interpreting those metrics if they disagree�We can also use discrimina-
tive power to select the metric(s) best able to distinguish two di�erently performing
systems [���]�

Relevance metrics are usually computed per query� Session-level metrics such
has the “cube test” [���] and session DCG [���] have also been proposed� As men-
tioned earlier� TREC ran a Tasks Track from ����-�����where the relevance of the
results obtained was measured alongside utility for the task at hand and a separate
task understanding challenge� Other TREC tracks are also relevant� namely the Ses-
sion Track (focused on retrieval overmulti-query sessions) [��] andDynamicDomain
Track (supporting dynamic and iterative search based on user feedback) [���]�

One challenge with focusing on relevance for tasks is that while it re�ects the
potential value of the information encountered� it does not re�ect task completion�
Search results are often only the beginning of a task� especially for complex tasks�
There are tasks that can be completed on search engines directly (e�g�� those with
instant answers� stock quotes� weather� etc�)� but most require post-SERP activity
and often activity in the physical world thatmaybe unobservable to search providers�
Focusing on post-SERP trails [���� ���] and destination pages mined from browsing
logs is one way to de�ne utility beyond the SERP [��� ���]�

The practice of evaluating performance using benchmark assessments based
on objective� topical relevance is also no longer su�cient� Such assessments do not
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generalize across searchers� and it is di�cult to create benchmark judgments based
on other types of relevance because they are even more individualistic by nature�
Assessments are also dynamic [���]�Other types of relevance—situational� cognitive�
andmotivational [���]—will become increasingly important in the evaluation of task-
based search and recommendation systems� Recent research on contextual search
uses relevance judgments mined from individual behavior in search logs [��� ��]�

Task-based search systems [���� ���]� task-based recommendation systems
[���]� and session-based recommendation systems [���� ���] all mine and use on-
task activity to identify items� The results and recommendations are often evaluated
using standard retrieval metrics such as recall (fraction of relevant items retrieved)�
mean reciprocal rank� and nDCG� although othermetrics such as scalability� stability
(as new data arrives)� and human preferences have also been used [���]�

����� SUCCESS
Success is ameasure of goal completion� It is related to satisfaction but not entirely� It
is possible to be successful while also being dissatis�edwith the task completion pro-
cess� Success can be objective (whether or not the task outcome is factually correct
or partially correct for multi-faceted outcomes) or subjective (is the task outcome
perceived correct)� The typical focus is on objective success� primarily because it
usually matters more than a (possibly) unfounded belief and subjective success can
also be biased�

In search engine evaluation� machine-learned models of task success trained
based on user behavior (sequences of queries and clicks� with corresponding dwell
times) have been shown to be more predictive than traditional measures such as
DCG [���]� In recommendation settings� success can include acceptance of recom-
mendations made and�or some follow-on action� e�g�� a conversion to purchasing
a recommended item [��]� As people try to complete tasks� they may experience
some challenges in �nding the information they need� Struggling is common during
search tasks� Researchers have studied this� including distinguishing struggling from
exploring in search sessions [���]� and identifying pivotal queries in search tasks�
after which more successful outcomes are observed despite initial di�culties [���]�

Beyond search and recommendation� task success is often tied to end-to-end
task completion� being able to place an order or make a reservation� This might be
the case in search too (the so-called “last mile” in search interaction [���]) but the
completion events can involve in-world activities that are unobservable to search en-
gines� In more open-ended dialog (those supporting chit-chat� for example) success
is often based on the system’s ability to drive engagement and maintain a human-like
conversation [���]�
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����� SATISFACTION
The last outcomemetric that wewill cover is satisfaction� Satisfaction is an emotional
response that is more general than search success� It has been studied extensively in
many communities� including psychology [���] and commerce [���]�

In search� satisfaction modeling is mostly performed at the task�session level
[���]� Research in this area led to the popular ��-second dwell time threshold for
satis�ed clicks [��]� If users view a landing page for more than that time� they are
assumed to be satis�ed�Although attractive� this is an oversimpli�cation� Satisfaction
is non-binary and there are clearly many factors that can contribute� These include
task and user e�ects [���� ���] (including topic and task complexity [���])� which
have been shown to a�ect many aspects of dwell time� Research into query level�
graded� and personalized satisfaction modeling has also been performed [���� ���]�

Result relevance has been shown to be a strong predictor of session satisfaction
[���]�Where the satisfaction occurs within the task or session is important� The last
query has more impact [���]� nDCG of last query is more correlated with overall
satisfaction (also see [���� ���])� Attempts have been made to incorporate recency
e�ects to construct more robust task�session-level evaluation metrics [���]�

Even more sophisticated behavioral analysis� now factoring in touch and voice
interactions� have been used to model user satisfaction on intelligent assistants�
yielding reasonable accuracy (around ��� in one recent study [���])� Mouse cur-
sor movements on SERPs and landing pages can also be used to estimate satisfac-
tion [���� ���]� For example� good abandonment (the positive absence of clicks
[���� ���]) can be trackedwhen users are shown the types of instant answers (stocks�
weather� etc�) that we mentioned earlier� Cursor movements on landing pages pro-
vide additional information about user engagement [���]� extending beyond clicks
and dwells� but require client-side logging to collect the data�

��� COMBININGMETRICS
Metrics tend to be measured separately even though systems have multiple inter-
related components that interact and a�ect the user experience [���]� The metrics
may not even be correlated� e�g�� [���] found only a weak correlation between mea-
sures of the three usability aspects� e�ciency� e�ectiveness� and satisfaction� Given
this low correlation� usability testing of computer systems for complex tasks should
include measures of all three� This creates signi�cant challenges in how to integrate
and interpret these metrics�

Complex or integrated metrics combine multiple variables � di�erent aspects
of a complex system� The �rst attempt at combined metrics was “informativeness”
[���]� combining a subjective response about usefulness with the system’s ability to
present a ranked list of useful items to the user�Other attempts to create thesemetrics
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include factor analysis and structural equation modeling [���]� Toms [���] showed
that factor analysis could �nd patterns in variables and extract a parsimonious set�
e�g��map relevance to dimensions of system� user� and task� Structural equationmod-
eling is more powerful� testing the �t between hypothesized and actual relationships�
e�g�� in the case of user engagement� [���] identi�ed several actors (aesthetics� nov-
elty� etc�) and their inter-relationships� Such complex metrics allow for more holistic
evaluation of systems� However� the intuition behind them is unclear� as is the in-
terpretation of the models that result� Consumer-oriented metrics such as the “net
promoter score” (NPS) [���] attempt to encapsulate everything in a single metric re-
�ecting whether a user would recommend a product to friends� The intuition behind
theNPSmetric is clear� but explaining the �ndings requires follow-upwith customers
(e�g�� via surveys and focus groups)�

We can also analyze the metrics to understand how well they match user be-
havior� relevance� and preferences [�� ���] and better understand their properties
[��� ���]�Meta-analysis frameworks such as the intuitiveness test [���] analyze the
extent to which metrics capture key properties to measure and align with user pref-
erences in search task evaluation� Metric unanimity [��] suggests that if a system is
superior along key dimensions� then this should be unanimously re�ected in themet-
rics assessing those dimensions�

Combinations of metrics are commonly employed in the evaluation of task-
oriented dialog systems� e�g�� the PARADISE framework [���]� which uses both dia-
log cost (e�g�� the number of turns) and task success (i�e�� whether the user problem
is addressed)� Task-oriented dialog systems can be assessed in several ways� (a) auto-
matically (per component analysis of language understanding� dialog state tracking�
policy optimization� language generation� etc� – see [���])� (b) simulations mimick-
ing user behavior and enabling end-to-end evaluation (of task success rate� dialog
length� average rewards� etc�)� albeit with challenges in validation [���]� and (c) hu-
man evaluation� enabling metrics such as task success rate� irrelevant�redundant turn
rate� satisfaction score� etc� Indirect evaluation involves using the simulator to en-
gage in a conversation with the system and comparing di�erent systems [���]�Direct
evaluation involves people interactingwith the system to complete a task and rate the
experience� e�g�� language understanding and response appropriateness are assessed
in competitions such as theMulti-Domain Task-Completion Dialog Challenge [���]�

��� FACTORS AFFECTING TASK PERFORMANCE
There are many factors task that a�ect performance� including intrinsic properties of
the task itself (e�g�� nature of the task [���]� the topic [���]� task di�culty [���]� task
complexity [��]� and even task urgency [���]) as well as extrinsic properties such as
user attributes (e�g�� subject matter expertise [���]� familiarity with task�topic [���])
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and other external factors such as dependencies on others and organizational con-
straints� The nature of the task can have a considerable impact on user actions and
task success� Two examples of non-traditional search tasks are slow search (search-
ing without time constraints) and high-recall search (searching to �nd all relevant
material)� Vakkari [���] has developed a model integrating task complexity and user
actions� Improving one’s meta-cognitive skills in task planning and re�ective assess-
ment have been shown to improve task performance [��]�

A key determinant of task performance� which we have not mentioned thus
far in this subsection� is the support o�ered by the system for the task� In the next
section� we will dive into some examples of system support and the metrics used
to evaluate task performance� To evaluate these systems properly� it is insu�cient
to only perform component-level analysis with isolation and control variables at a
speci�c point in time�We also need holistic task-based evaluation metrics [��]�We
will discuss both component and holistic metrics brie�y for each of the four case
studies� In some cases� the component metrics serve as full or partial proxies for the
holistic metrics�

��� CASE STUDIES
We now present four case studies drawn from our own evaluations of systems that
o�er di�erent types of task support for various search and recommendation scenar-
ios�The di�erences in functionality and desired outcomemean that di�erent metrics
are required to understand the e�ectiveness of the task support that each of these
systems provide� The case studies are in�

• Intelligent noti�cations�Amechanism in a popular operating system present-
ing interruptive task reminders to users� with the aim that those reminders be
non-redundant (i�e�� not for tasks that are already completed)�

• Skill discovery� An intelligent assistant capability that promotes skill discov-
ery� suggesting relevant skills to users based on their current or future context�
This is especially useful on headless devices (without displays) such as smart
speakers� which cannot easily convey their functionality to users�

• Contextual search� A search engine functionality for improving the relevance
of search results based on the task context� including previous searches� both
recent (within-session) and historic (long-term)� and other signals� e�g�� location
and reading level�

• Conversational systems� A novel type of multi-modal support for helping
users complete complex tasks (e�g�� with recipe preparation)� spanning multi-
ple devices simultaneously and capitalizing on their complementary strengths�
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For each case study� we brie�y describe the scenario and present the holistic
and component metrics that were used to evaluate task performance� The case stud-
ies illustrate the compromises that are often necessary when performing task-based
evaluation in operational systems�where telemetry data may be voluminous but nar-
rowly scoped to speci�c applications and scenarios�

����� INTELLIGENTNOTIFICATIONS
This �rst case study is focused on intelligent noti�cations in Microsoft Windows�
where the operating system provides interruptive noti�cations (shown in Figure ���)
for pending tasks�Tasks in this case are commitments that the user has made in email
(e�g�� “I will send the report by end of the day”)� Supporting task retention addresses
well-known limitations in human memory [���] and can be combined with context-
sensitive reminders [���] and attention-sensitive alerts [��] to support prospective
remembering� The primary aim is to inform the user of these tasks while not sug-
gesting tasks that they have already completed – that would be redundant and could
cause frustration�

Figure ���� Screenshot of Microsoft Windows noti�cation pop-up showing the task
(commitment) extracted email and the options available to the user� including mark-
ing the task as complete� The presence and timing of these “mark complete” actions
in retrospective log data has been used as weak labels to train machine-learnedmod-
els for auto-detection of task completion [���]�

As shown in Figure ���� the noti�cation experience lets users mark tasks as
complete with the “mark complete” a�ordance� However� if the user has already
completed the task by the time the noti�cation appears� by then it is too late� the user
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has already been interrupted�We take can these “mark complete” (weak supervision)
signals when they do happen as a source of training data for machine-learned mod-
els to recognize completion events (even just based on elapsed time from creation
to completion) and suppress noti�cations� auto-deprecate tasks� and so on� In some
earlier work� we used anonymized Cortana logs to build accurate machine learned
models to auto-detect task completion [���]�Given the availability of such function-
ality� the question is what are the best metrics to use to evaluate its e�ectiveness�

When deploying this in practice� the best (but unobservable) holistic measure
would be user satisfaction related to the fewer redundant interrupts�While we could
ask users about this directly� that is cumbersome and faces challenges in uptake� Sat-
isfaction is a holistic measure that captures overall perceptions of the interruption
experience with the intelligent system� It is di�cult to measure directly� especially
without the ability to ask users� and because we are focused on the absence of no-
ti�cations�making it more di�cult to solicit user feedback� To approximate this� we
can use an o�ine proxy for user satisfaction� namely the accuracy of the pending
task detection� de�ned as the fraction of noti�cations for truly pending tasks�Online
measures of the fraction of tasks marked immediately as complete (implying redun-
dancy) may also be appropriate�The underlying assumption is that users will bemore
satis�ed if they are interrupted less often for already-completed tasks�

����� SKILLDISCOVERY
The next case study focuses on skill discovery in digital assistants (in this case� Mi-
crosoft Cortana)� ensuring that users are aware of assistant capabilities� Skills are ap-
plications accessible by digital assistants to help complete speci�c tasks� This is an
acute issue in headless devices� such as smart speakers� which can lack displays� Ex-
amples of these systems including theAmazonEcho� and theGoogleHome� devices�
When interacting with such systems� users can be unaware of what intelligent assis-
tants can do� lessening their e�ectiveness and hindering task completion�

We developed contextual skill recommendation models to suggest the right
skill(s) to users at the right time� based on user context�This can be done proactively�
if a reasonable (unobtrusive) user experience could be de�ned for that� or reactively�
e�g�� on demand in response to user requests such as “help me now!” We framed this
as a ranking problem and learned to rank skills based on skill usage (in this case�
previous skill invocations) [���]�We found that adding di�erent features had di�er-
ent e�ects� adding context (time and place) boosted precision�while adding personal
features boosted recall (see Figure ���)�

�https://www.amazon.com/echo
�https://store.google.com/us/category/connected_home

https://www.amazon.com/echo
https://store.google.com/us/category/connected_home
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Receiver operating characteristic (ROC) curve Precision-recall (PR) curve
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Figure ���� Receiver operating characteristic and precision-recall curves showing ef-
fect of contextualization and personalization for contextual skill recommendation�
Results show that combining signal sources improves performance and that context
boosts precision (light blue line) and personalization boosts recall (red line)� Figure
adapted from [���]�

The ideal holisticmetricswould be engagement and task success� and aspects of
those could be tracked in a deployed system over time (i�e��were the suggested skills
actually used in practice and did users complete more tasks as a result?)� Depending
on the instrumentation available� this may be feasible� In our o�ine experiments to
evaluate the models�we needed a proxy for task success� Since the skill ranking is so
pivotal in determining whether users found the right skill and were ultimately suc-
cessful�we focused on the component-level precision-recall of the recommendation
model to generate the suggested skills� using previously logged skill invocations as (a
weak) ground truth�

����� CONTEXTUAL SEARCH
The third case study we will consider is contextual search in the Microsoft Bing
search engine [���]� Over several years� we developed many contextual search ca-
pabilities� including those based on user location [��]� reading level [��]� previous
queries from the same user (both short- and long-term) [��]� from other users in the
same cohort [���]� and from other users attempting similar tasks [���]� These con-
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textual features enable the search system to understand more aspects of the active
search task and better rank the search results for that task�

Figure ����Changes inMAP from using di�erent personal data sources for contextual
search� Leveraging both short-term (session-level) and long-term histories yields the
best result ranking performance� Figure adapted from [��]�

Given the user and task e�ects discussed earlier� the ideal ground truth labels in
this context are personalized� i�e��what content does the user in this context need to
complete their task? We trained and evaluated models that used personalized judg-
ments�mined from search logs and spanning multiple queries� to better capture task
success per user� To do this� we used context-sensitive labels and metrics derived
from clicks and context� including using characteristics of the clicks (e�g�� satis�ed
click� last click� only click) as a way to de�ne graded relevance judgments and cap-
ture some of the essence of task completion [��]�

The ideal holistic metric would be fraction of users’ tasks that actually got com-
pleted by using the search engine� In reality� since we can only observe queries and
clicks in a search engine� we focused on a component-level analysis of the ranking
model� using standard relevance metrics (e�g��MAP) as an o�ine proxy for task suc-
cess and tracked other similar metrics (session success� utility� etc� [���]) in online
scorecards�The results from o�ine tests (summarized in Figure ���) showed that tak-
ing features from the union of short- and long-term search histories led to the best
contextual ranking performance in our o�ine experiments�
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����� CONVERSATIONAL SYSTEMS
The �nal case study focuses on conversational systems� speci�cally multi-device ex-
periences (MDX) [���]� The use of multiple digital devices to support people’s daily
activities has long been discussed [���]�Cross-device experiences (CDXs) andMDXs
have been discussed in the literature on interaction design� human factors� and per-
vasive and ubiquitous computing [��� ���]�We created a cloud-based service that
enables multiple devices with complementary capabilities to be brought together si-
multaneously (e�g�� smart speaker plus smartphone) to support users in completing
a task� Figures ��� and ���� show an example multi-device setup and a high-level
schematic of MDX�

Figure ���� Example multi-device setup� with an Apple iPad and an Amazon Echo
being used simultaneously to complete a complex task (recipe preparation) powered
by the multi-device experiences (MDX) service from Microsoft Research [���]�

The focus was on helping users with complex tasks� targeting recipe prepara-
tion initially�The system hadmanycomponents�withmodels for speech recognition�
intent understanding� question answering� and stepwise recommendations (e�g�� of-
fering resource suggestions for the current step [���])� all of which interact to create
the user experience�Metrics includes holistic and component level metrics – in this
case� both of which are observable� meaning that proxies are not as necessary as in
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Figure ����� High-level low schematic for the MDX service� illustrating the primary
components (including the cloud-based arti�cial intelligence (AI) backend that pow-
ers the multi-device experience)� the interaction �ow� and multi-modal interactions
(in this case speech and touch)� TheMDX service can scale to any number of devices
spanning modalities� Figure adapted from [���]�

the other case studies� The holistic metrics included time on task and the number
of dialog turns (e�ort)� Component metrics included the correctness of the question
answering� the word error rate of the speech recognition� and the accuracy of the
intent understanding� The true challenge lies in bringing these metrics together to
tell a consistent story about system performance and in setting thresholds for these
metrics to help decide whether they meet a su�cient quality standards for the full
system to be deployable in production�

��� CHALLENGES IN EVALUATION
It is apparent from the topics we have covered in this chapter thus far that evaluation
of task-based systems is challenging� There are several reasons for this� including�
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• Task-based systems can be highly complex� It can be di�cult to attribute
a task outcome to one component and it is challenging to model component-
to-component interactions� For example� returning to the MDX system in the
previous section� there may be components for speech recognition� intent un-
derstanding� question answering� and stepwise recommendation� all of which
interact and can cause compounding errors�

• Task activity is often unobservable� both in terms of the process in complet-
ing the task and completion event itself�Many task-related activities are invisi-
ble to systems and are not archived for later analysis or modeling� Users can be
reluctant to explicitly indicate progress or task completion� making it di�cult
to collect labeled data� Recent progress in weak supervision (learning based on
proxy signals) can help address this shortcoming [���]�

• Task completion spans applications and devices� Focusing on a single ap-
plication (search engine� recommender system) or device (personal computer�
smartphone) is too limited –we needmore visibility across applications and de-
vices� We need to evaluate task performance across applications and devices�
weaving together activity from these di�erent sources with consent to build
holistic models of task activity�

• Metric overload� especially for complex systems � task scenarios� Using di�er-
ent metrics may lead to di�erent system orderings� It is important to prioritize
the metrics and be clear on the story they tell collectively (either a set of metrics
or a single integrated metric)� Relying on any one metric can lead to a biased
perspective and result in poor downstream decisions�

• Reliance on third-party labels for machine learning and data analytics�
Any classi�cation of tasks or activities with a taxonomy by third parties is di�-
cult [���]� First-party labeling is more reliable� albeit cumbersome for users to
provide� This data can be collected through periodic recollections [���� ���] or
in-situ during task completion (e�g�� using ESM [���])�

• Task data stored but unavailable� Task data may be recorded but� given pri-
vacy considerations� customer datamaynot be visible to researchers and system
designers (so-called “eyes o�” access)�While machine-learned models can still
be developed on these data (e�g�� using methods such as di�erential privacy [�])�
it is challenging to debug these algorithms or task-based systems more broadly�
given limited insight into the tasks encountered� Small scale studies with con-
senting users may be the only way to obtain “eyes on” data for development and
evaluation purposes�
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• Task factors are not codi�ed� There are many factors that a�ect task per-
formance but are not readily available to experimenters and system designers�
We need to �nd ways to consider task di�culty� etc� in system evaluations�We
also need to report task performance for di�erent task management personas�
Figure ���� has an example of a set of task management personas developed at
Microsoft� based on an analysis of the Wunderlist task management application
customer feedback and interviews� For evaluation purposes� personas such as
these can help better understand the context around when task-based search
and assistance is performing well and when it is underperforming�

Figure ����� Task management personas derived from interviews and surveys with
users of the the Wunderlist to-do application� There are �ve such personas� collec-
tor� event planner� tomorrow planner� daily doer� and analyzer – focused to di�er-
ent degrees on capturing-organizing their taskmanagement activities� achieving their
goals� and analyzing their task progress� It is important for system developers to un-
derstand task management personas such as these (including what fraction of users
are in each and what fraction of the time users spend in each persona)� Also� users
can assume multiple personas over time� Credit� Carina Stefes�

These are just some examples of the types of challenges that we facewhen evaluating
task-based search and recommendation systems�Of course�manyof these challenges
are also research opportunities and need to be explored in future work�

��� SUMMARY
There are a few key points to note before we conclude� The evaluation of task-based
systems is important but is also challenging� for many reasons� There are manymiss-
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ing signals about the task itself (including complexity� urgency� and status) and about
the user (including their expertise and task�topic familiarity)� Focusing on activity
within a single application� such as search� o�ers a myopic view� One way to bet-
ter understand the task is to triangulate signals from multiple applications�with clear
consent from users� As we showed in the case studies� each scenario has its own task
setup� each with their own metrics and desired metric values� Careful thought is re-
quired in identifying complementary metrics and setting targets per application� Fo-
cusing on a single metric is often insu�cient�We need to examine metrics together
on scorecards and develop intepretable combined�integrated metrics� Collectively�
metrics tell a story� but how easy that is to discern depends on reliable interpretation
by skilled and experienced experimenters�

We have intentionally focused on holistic metrics in this chapter (given their
broad applicability) andmuch less on evaluationmethodologies� even though the two
are inextricably linked� This includes the realism of any prescribed tasks (e�g�� sim-
ulated work tasks [��])� the experimental setting� participants� baselines� and so on�
Also�much of the discussion in this chapter has been focused on task execution� but
task planning and re�ective assessment (both meta-activities) are auxiliary processes
related to task performance [���]� as is the downstream utility of any information
obtained during task completion�

It is clear that we need more research on complex�integrated metrics to handle
the complex systems that support task completion� Beyond creating these metrics�
we also need clear intuition and clear guidelines for how these metrics should be in-
terpreted and used (and theywill likely be highly application speci�c anyway)�This is
already an active area of study in online experimentation [���]� Continued research
on using established models of information seeking behavior to inspect and evalu-
ate the complex search systems is also an important direction [���]� We also need
more investment in shared resources�datasets for task-based evaluation� The repos-
itory of tasks created byWildemuth et al� [���]� is one example of potentially useful
task resources that can drive research in this area and help enable cross-experiment
comparability� as has been advocated for from the early days of TREC [���]�

�https://ils.unc.edu/searchtasks/search.php

https://ils.unc.edu/searchtasks/search.php
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C H AP T E R �

Conclusions and Future
Directions

In the last chapter of this book� we will take an opportunity to not only summarize
what we covered here� but also re�ect on previous chapters and consider where we
go from here� It is that latter part that excites us most because the primary purpose
of this book is not to simply synthesize existing research� but use that prior research
to form a foundation for future research and development�

��� CONCLUSIONS

We have covered a lot of ground in the emerging area of task-based search and rec-
ommendation� It is clear that task assistance in the context of search and recommen-
dation is a important domain that needs more study� There are a few key conclusions
from this book�

First and foremost� we have learned that search and recommendation systems
(also referred to as IR systems) should help their users accomplish tasks� This les-
son is neither new nor unsupported� Scholars have argued for this for decades�What
we continue to see is the evidence and argument for why this is a very important
problem to address despite the phenomenal successes with our current IR systems�
More importantly� the notion of such systems here goes beyond keyword-based re-
trieval and collaborative �ltering� to include many recent and emerging approaches
and applications� These include question-answering� conversational assistants� and
contextual recommendation systems� We explored this notion in Chapter � as we
considered a couple of scenarios that illustrate how task information can be useful in
better ful�lling what a user wants to accomplish through an information interaction
session� even when they are not very clear or articulate�

Given that there has been tremendous amount of emphasis on understanding
and addressing an information seeker’s tasks� the literature is �lled with frameworks
and models for extracting task information and representing tasks in various situa-
tions� Chapter � highlighted some of these works� One important case we saw was
with regards to explicit expression of tasks� This is quite frequent as many people
use to-do applications� but not as well addressed because we often do not consider
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a to-do item as a task that can be accomplished through an IR system� However� as
we saw in that chapter� we have an opportunity to do just that – taking someone’s
explicitly addressed task and help them accomplish it�whether it is through a search
system� some other systems� or a combination of them�Asmore applications become
integrated and our work�ows get more complex� streamlining our tasks� the appli-
cations where we can take actions� and how we can get things done becomes a very
important opportunity�

Beyond that special case of considering a task�we moved our attention to what
is more widely studied in the literature – extracting and using task information from
behavioral and other signals� As reported in Chapter �� scholars have studied task in
the context of task topic (‘what’ aspect) and intention (‘why’ aspect) to develop a com-
prehensive understanding of a user’s task� These basic constructs of an information
interaction – task topic� task type� user intent� and user behaviors – are often stud-
ied separately from one another� but we also saw how they are connected� and more
importantly� how they could help us develop a more comprehensive understanding
of that episode of information interaction� It is important to note that often theoret-
ically appealing ideas are harder to operationalize in practice� It is not always easy or
even possible to obtain a user’s intent or ask them about their perceptions regarding
their interactions with an IR system�Therefore� one has to be careful about assuming
these signals being given� especially if they are interested in scaling and generalizing
their solutions�

In Chapter �� we saw that task and user characteristics contribute signi�cantly
to taskbehavior and taskperformance�Weneedmore research on integrating aspects
of these characteristics into task modeling and evaluation� Task information can be
inferred from user behaviors� content analysis� and contextual understanding�where
context can be de�ned broadly� spanning both virtual and physical� There are clear
privacy implications in making these inferences and before leveraging these signals
for this purpose� user consent needs to be obtained�

Then� in Chapter �� we looked at how we could apply task knowledge or how
tasks can be supported in various IR situations� Systems can support tasks in many
ways� e�g�� recommendations for e-commerce is one such example� and we o�ered
additional examples in the case studies we presented� As we dig deeper into the lit-
erature� we �nd that while there are lots of works explaining how task information
is important (Chapter �)� how it is used in IR (Chapter �)� and how we could extract
knowledge about tasks (Chapter �)� there is not nearly as much work related to using
task knowledge in mainstream IR applications� In other words� there is a great po-
tential here to use the foundational works done so far and apply them to improving
exiting IR systems and envisioning new kinds of them�
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Finally� in Chapter � we showed that the evaluation of task-based systems is
challenging� especially given limited information about users and tasks� We really
need to consider a range of metrics� per application� both holistic (tied to the overall
user experience) and per component (tied to the performance of individual elements
of the system)– aswell as interpretable� integratedmetrics�Weonly touched on some
salient metrics in Chapter �� Other metrics are also important� learning� creativity
(short- and long-term)� and many more�

��� FUTURE DIRECTIONS
An obvious question after all this is where are we going next? It is clear that the future
is bright for task-based search and recommendation� There are many directions that
research in this area can take� and many opportunities to leverage advances in areas
such as AI and ML to better understand intent and anticipate future needs�

Going forward� there are several opportunities�Wewill highlight just a fewhere�
Systems need to better support end-to-end task completion� They need to do

so through seamless integration with existing tools and cross-application support (no
more task silos�where tasks are trapped within speci�c applications (e�g�� in special-
ized to-do applications such as Todoist and Microsoft To Do) when in reality they
span applications�)� Task fabrics spanning applications and operating systems are
needed to ensure users have access to tasks from anywhere and signals from these
sources are available for machine learning tasks such as contextual task prioritiza-
tion� Beyond supporting task planning and organization (something that has already
been studied extensively [��]� AI can help in other well-known task phases� namely
task capture and execution [�]� Short tasks such as action items have already been
automatically extracted from email [��� ���]�

We need to better understand the tasks being done� both for system design and
for evaluation�We need to better model task intents� There has been research in this
area in the context of email [���]�Wecould also create a semantic task representation
such as “task�vec�” a vector representation of task intent� trained� for example� based
on task co-occurrence in usage data�We also need more signals on task progress and
task completion (based on both activity� e�g�� visiting physical locations where tasks
get completed� and content� e�g�� replying to emails with the text “Done” or “Please
see attached”)� and more triangulation of those signals with other contextual data
(with user consent) to improve con�dence in any inferences or forecasts we make�

Focusing on task completion is vital� Support for tasks is currently fragmented�
For example� search engines support �nding information� but not full tasks� Task
management applications capture tasks and serve reminders but do not facilitate
�There have already been some discussion of related ideas under the umbrella of activity-centric rather than
application-centric computing [���]
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completion� Task completion is really the last mile in search interaction [���]� We
can turn search engines into task completion engines� [��]�We can start by support-
ing completion when we already know the task (e�g�� to-do tasks)� An example of this
might be so-called “task�search” [���]� i�e�� �nding the tasks that search engines can
directly help with and providing an a�ordance within to-do applications to engage
with the search engine to complete the task� Myers et al� [���] designed a system
to aid in repetitive tasks� TaskGenies generated action plans decomposing tasks into
small� actionable sub-tasks [���]�Meanwhile� Stumpf et al� [���] and Kiseleva at al�
[���] focused on interpreting user goals and then providing the necessary resources�
We also need to evaluate how well the systems support task�ows � end-to-end task
completion andwhetherwe can recommend task�ows �make task-based suggestions
to users� One way is to learn these �ows from logs combined with semantic labeling
[���� ���]�

Context is important�Context-aware recommendation systems [���� ���� ���]
aim to leverage contextual information� such as location [���] and�or time [���]�
to improve the quality of the suggestions they o�er� This can be used for applica-
tions such as travel recommendations [���] and context-sensitive reminding [���]�
By combining location with time information� context-aware task management sys-
tems assist users by suggesting the right tasks at the right time [���� ���] and batching
together tasks that can be done at the same times and�or places� Recent research has
sought to understand the physical locations where people perform certain types of
tasks and activities [��]� Contextual factors such as busyness have been shown to
impact the e�ectiveness of the task assistance and the extent to which people de-
pend on it [���� ���]� The role of context in task management needs to be better
understood and context needs to be better utilized in task support�

Tasks are not �rst-class objects in many systems� Only aspects of them (e�g��
retrieval� suggestion) are supported and users must stitch together the other aspects
to complete the tasks� especially in general purpose systems such as search engines
(in specialized systems� task work�ows are often well established)� Tasks could be
supported more directly in general purpose systems� e�g�� via guided tours and trails
mined from search logs [���� ���] or from subject matter experts [���]� Reusable
components (e�g�� guided tour generation and user experiences for trail blazing (au-
thoring trails) and trail following) could also be developed and shared across general
purpose applications and those meant to help users tackle speci�c tasks�

As noted several places in this book� task knowledge can also help us take con-
ceptual and pragmatic leaps in emerging area of intelligent assistants� This is par-
ticularly true for conversational systems� Knowing the task behind a user’s request
can help with better ful�lment of that request� but could also allow an agent to have
more productive multi-turn conversation� This is currently di�cult for these agents
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as they are built to treat each interaction in isolation with only shallow-level con-
nection between two subsequent requests�Having a context-aware� task-aware� and
multi-turn meaningful conversation could fundamentally change the �eld of intelli-
gent assistants� These assistants or agents can also use the same information to pro-
vide proactive recommendations and help address the “people don’t knowwhat they
don’t know” challenge�

These are just some examples of the types of areas that could be explored – the
research opportunities in task-based search and assistance space are plentiful� As a
community�we need to �nd ways to drive more research in this area� through shared
datasets� living laboratories� data challenges�TREC tracks� or othermechanisms such
as workshops� One thing is clear� without su�cient task assistance� people will con-
tinue to tackle complex tasks on their own� with associated ine�ciencies and sub-
optimal outcomes� Task-based search and recommendation systems will help them
overcome these challenges�
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