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Search behaviors are usually motivated by some task that prompts users into the search

process. Complex tasks often initiate long, evolving, interactive search processes with shifting

goals and cognitive focus at different search stages. Users’ search strategies are influenced by

their search motivation, encountered problems, and cognitive focus or state of knowledge at

these search stages. However, existing search systems are primarily designed to optimize one

request at a time, ignoring the underlying overarching task, shifting task phases and sub-

tasks with users’ cognitive focus, or even the holistic nature of a task-based search session.

Although a set of descriptive and theoretical models of the search process can be found in the

literature that characterizes tasks, there is a gap in research focused on exploiting dynamic

task characteristics in search personalization processes. More importantly, there is a lack of

support for users to complete their tasks in an adaptive, dynamic way. To address this issue,

this dissertation adopts a multi-disciplinary, human-centered approach and applies a mixed-

methods design-based approach to meet three broad objectives: first, develop a conceptual

framework for understanding how different types of tasks trigger specific information needs



that can lead to different methods and strategies for seeking different forms of information

and information sources and, in the due process, identify any barriers they perceive and

potential help they choose to overcome those limitations; second, apply new computational

models to construct unified task representations using underlying search behavioral signals

that can be transferable and functional to any task circumstances; and Third make existing

search and retrieval systems more responsible and efficient to meet the changing state of users’

cognitive focus during the search process by using knowledge gained about users’ tasks and

problems. Specifically, this dissertation aims to develop a task-information need-strategy-

problem-based task representation that can be leveraged in search and retrieval models

to provide task-based supports in different information formats, thus empowering users to

make informed decisions about different aspects of their lives by providing information more

relevant to their current task state. The result of this study is a step towards developing

task-aware intelligent systems capable of supporting users at each stage of their complex

task-completion process.
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Part I

INTRODUCTION AND BACKGROUND

At the beginning of this thesis, we will give an outline of the structure and explain

the contributions of the dissertation. We will present the problem statement and research

questions addressed and provide a detailed review of the techniques and components typically

used in Information Retrieval (IR) and Interactive IR (IIR), emphasizing the concept of task.

Additionally, we will provide background and context for the research problem, including a

thorough overview of the theoretical and applied elements that shaped this dissertation.
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Chapter 1

INTRODUCTION

A task refers to an activity or a collection of activities aimed at achieving a goal [103].

Tasks encompass various actions, possess distinct limitations, and require different durations

for completion [291]. When considering tasks, we typically envision work-related endeavors

such as writing a project report or checking work emails. However, tasks can also encompass

everyday routines like cooking, or making restaurant reservations, as well as leisurely pursuits

such as listening to music, or looking for movies to watch. These activities also involve spe-

cific objectives [103]. The nature of people’s tasks varies. A task can be complex, requiring

a substantial amount of time to complete, or it can be simple and brief [309]. In the realm

of search, complex types of search tasks [46] or exploratory search tasks [292] necessitate

multiple rounds of interactions with information systems. At the same time, straightfor-

ward fact-finding tasks only require a few interactions to obtain information. Furthermore,

individuals often perceive tasks in segments and implicitly divide larger tasks into smaller

parts [309]. Therefore, a task can be an individual microtask or a component of a larger

macrotask [291, 64]. Many extensive and complex tasks, such as planning a trip, can be

broken down into several smaller, more manageable tasks like booking flights, finding hotels,

or checking in for flights [291, 64].

In order to complete a task, it is important to turn its overall objective into specific

intentions of what needs to be done. This helps individuals to take the necessary actions [213].

Certain information is frequently required to complete a task or its components, which drives

individuals to seek information. Hence, the concept of a task has emerged as a crucial factor

influencing behavior related to seeking and searching information, which arises from the need
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to fulfill specific task goals [43, 100, 277, 295]. Furthermore, tasks provide individuals with

objectives to achieve through their information seeking endeavors. Therefore, comprehending

the concept of a task is essential in understanding the reasons behind people’s information

seeking and searching behaviors, the types of information they search for, their preferences

for acquiring it, and the contexts in which they use it [44, 252]. Moreover, to grasp tasks

fully, it is necessary to comprehend individuals’ goals and how they transition from goals to

tasks to actions [103].

Given the role of tasks, the Information Retrieval (IR) and Interactive Information Re-

trieval (IIR) literature extensively discuss and consider various aspects of tasks in informa-

tion seeking and retrieval, including the topics, types, and other characteristics of tasks [136].

These aspects encompass factors like topic familiarity, which relates to the task itself, as well

as user behaviors, specifying functionality, and other characteristics to support users in their

tasks [22]. Such aspects significantly influence how individuals perform tasks and search for

information. For instance, different task types result in distinct information seeking and

searching behaviors [122, 166]. Task characteristics, such as complexity and difficulty, also

impact information seeking and searching patterns [41, 47, 100]. Task doers 1 People’s in-

formation seeking activities can also be influenced by prior knowledge regarding the task

topic [3, 35, 107, 140] or familiarity with a specific domain [111, 289, 294].

Earlier research has additionally examined and analyzed the concept of tasks from various

angles, encompassing ontological, epistemological, and methodological dimensions. Numer-

ous task typologies or classification frameworks have emerged, focusing on specific aspects

of tasks, such as cognitive complexity [138, 301] and task prior determinability [51, 53].

1It should be noted that, in this proposal, terms like “user,” “information seeker,” “information searcher,”
and “task-doer” are often used interchangeably as the focus of the study is on task-doers who interact
with retrieval or filtering systems to fulfill their tasks. The term “user” refers to a system user, such
as an information retrieval, search, or recommender system. The term “information seeker” refers to a
person, in general, who seeks information without explicitly using a system. A “searcher” is a person who
purposefully seeks information on a system. A “task-doer” is one who performs a task.
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Another avenue of research presents a holistic and multifaceted framework that defines a

task as a composite of several facet values [156, 166]. In the field of IIR research, there is

a lot of focus on identifying and representing user tasks. These tasks are defined as over-

arching goals or problems that guide users’ search and exploration of potential solutions.

However, a smaller portion of IIR research looks at how users’ tasks, as well as their task

states or cognitive focus evolve over time, including their information seeking intentions,

local search tactics, and encountered problems [173]. When users search for information

for complex tasks, their cognitive focus or attention 2 may change as their task progresses.

When conducting searches, individuals adjust their strategies based on multiple factors such

as search outcomes, interface designs, their own knowledge, task perception, system response

expectations, and situational elements.

Understanding the context of a search procedure, such as the task and evolving task

states, is pivotal for delivering helpful search support and enhancing conventional retrieval

techniques [159]. Hence, examining search tasks and associated user behaviors carries im-

portance in theoretical and practical frameworks, aiding searchers in their endeavors. Conse-

quently, the pursuit of comprehending the task goals and intentions involved in information

seeking and searching is not a recent development, antedating advancements in web search,

recommendations, and intelligent agents [198]. Nevertheless, understanding users’ tasks

within the search context remains a fundamental challenge in today’s information-driven

era. To address this issue, researchers in IR and IIR must devise an analytical, dynamic ap-

proach that holds theoretical significance and practical applicability in understanding tasks,

particularly complex tasks. In this thesis, we aim to examine the comprehensive depiction

of the entire information search procedure and the task behind it.

2In this thesis, cognitive focus or task state is defined as a user’s attention towards achieving a specific
action or goal during the search process. As searchers acquire more knowledge by submitting queries and
reading retrieved results, their cognitive focus changes, and their information needs evolve accordingly [268,
164, 62, 314]. For this reason, a search session is also considered a learning process [99, 173].
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1.1 Motivation and Context

People have to do many tasks in their daily lives. In order to complete some macro tasks,

as part of those tasks, they often need to collect information by interacting with different

information sources, such as interpersonal sources like talking with other people or imper-

sonal sources like search and IR systems. Therefore, individuals interact with search and

recommender systems driven by tasks that arise from constantly changing problematic sit-

uations in their everyday lives [23, 24]. For many people, commercial web search engines

like Bing, Google, Baidu, and Naver serve as the primary sources to fulfill their information

requirements [233]. These search systems are designed to act as filters, sifting through large

amounts of information and presenting users with the most relevant outcomes, thus making

them preferred and dependable information sources for numerous individuals.

Consequently, the suggestions and results provided by web search engines can signifi-

cantly influence individuals’ thoughts, emotions, and actions by shaping their perceptions of

accuracy and trustworthiness. Hence, it is crucial to use these systems discerningly and crit-

ically evaluate the information they present to us [198]. However, over the past two decades,

there has been a substantial transformation in how we search for, understand, and utilize

information to accomplish our goals. This transformation is driven by the abundance and ac-

cessibility of online information, the widespread presence of social media, and advancements

in information and communication technologies. The continuous optimization of search in-

terfaces and algorithms has resulted in improved outcomes tailored to specific queries. The

growing adoption of intelligent and conversational agents like Alexa and Siri has opened up

new avenues for interacting with information and completing tasks. More recently, large

language models such as GPT-3 [220] have revolutionized search and recommender systems

by enhancing query comprehension, result ranking, personalization, and content generation.

Despite these advancements in search and IR systems, there are still ongoing challenges in

addressing the information needs or intents relating to task-solving and goal accomplishment
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for different users [80, 105]. As a result, the responsibility of managing tasks often falls on

the searcher, which can be mentally taxing. There could be various potential causes for this.

Often, the main issue lies in the functionalities of the systems, which derive connections

between people’s cognitive models and intentions from their explicit physical actions [213].

Search and IR systems primarily depend on people’s observable manifestation of needs or

the verbalization of tasks and their subsequent search actions to retrieve relevant information.

Search systems may appear proficient at providing answers, assuming users know what to ask.

However, users, particularly novice searchers, often struggle to formulate effective queries

due to a lack of knowledge, uncertainty about their needs, or inability to articulate their

intentions. While people interact with search systems motivated by tasks that emerge from

evolving, continuous problematic situations [23], they often have difficulty articulating their

goals, information needs, and intentions behind the tasks while interacting with the systems

(1.1). As Donald Norman pointed out, “For many everyday tasks, goals, and intentions

are not well specified” [213], sometimes the goals are vaguely stated, and intentions lack

specificity. This often stems from a lack of clarity and knowledge about tasks or how a

search or retrieval system operates, or even due to the overwhelming volume of information

and the resulting cognitive and affective stress [287]. Additionally, people may not be aware

of what they do not know while performing a task [252]. All these factors can result in users

expressing ill-defined tasks as queries to the systems. So that can create a gap between users’

actual task and the task perceived by the system by relying solely on users’ expressions of

needs through questions or queries; hence that cannot guarantee an infallible approach.

Furthermore, existing search frameworks have primarily focused on handling discrete,

transactional, straightforward, navigational, or factual searches individually [288], assuming

that addressing individual interactions will suffice to fulfill the overall task of the searcher.

However, this approach disregards the fact that users’ overall tasks and objectives often drive

search behaviors. Several researchers have pointed out that flawed assumptions (e.g., [20,
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Figure 1.1: Individuals encounter numerous challenges when seeking information to accom-

plish those tasks, including a deficiency in comprehending the information requirement,

unawareness of their knowledge gaps, a vast amount of information and information satura-

tion, unfamiliarity with the functioning of information retrieval systems, and cognitive and

affective stress.

106, 198, 171]) that places the cognitive burden of monitoring various task aspects (e.g.,

exploring the knowledge domain, identifying essential sub-tasks, and formulating queries to

accomplish these tasks) on the users themselves, particularly for complex tasks requiring

assistance for longer and often across multiple search sessions. Current search systems lack

an understanding of the underlying task and often fail to consider the type of task a person

is working on when optimizing results or suggesting what actions a person should take [106],
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resulting in search results that may not directly align with users’ local and overarching task

goals. This limitation becomes evident when attempting complex, exploratory tasks that

involve problem-solving and decision-making. Such tasks demand tools and systems beyond

single-query or single-turn interactions, providing support at the task level throughout the

search sessions [143, 166, 164]. Therefore, as search tasks become complex, the system’s level

of support decreases over time. The complexity of the search process poses significant chal-

lenges for information seekers with limited information literacy or novice searchers who lack

knowledge about the task they are trying to complete. Additionally, systems offer limited

options for exploring and interacting (in terms of related query and document suggestions)

with information and provide little assistance in consolidating and integrating information

across multiple search sessions, approaches, and modes [198, 207]. For example, queries like

What is the distance between Earth and the Moon in kilometers? can yield an instant answer

at the top of the search engine results page (SERP). Even brief yet comprehensive details

about specific individuals, groups, or entities, such as for query BTS, are often presented in

condensed cards that display information like age, birthplace, family connections, associated

songs, and recent news [34]. However, when it comes to exploratory intellectual tasks like

determining whether pursuing a degree in computer science or information science is worth-

while, multiple rounds of browsing and reading results are often required to find satisfactory

answers.

Although efforts have been made from the systems’ side in query recommendations and

auto-suggestions to assist users [153, 273], there are inherent challenges in operationalizing

complex search needs. Complex tasks, for example, determining the worthiness of pursuing

a degree in Information Science or Computer Science, cannot be addressed with a single

query. Various sub-tasks and related goals need to be explored, including clarifying con-

cepts, understanding philosophical differences, and investigating relevant topics and courses

in each program. As pointed out above, the challenge lies in the systems’ ability to derive
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the relationships between users’ tasks, intentions, actions, and articulation into queries or

physical search actions [213]. Search and IR systems optimize users’ queries, but searchers’

tasks - not their queries - ultimately drive their searching behavior. These systems rely on

people articulating tasks into words or their search actions to provide useful information.

In recent years, advancements in retrieval systems and conversational agents leveraging

large language models (LLMs) have shown promise in supporting longer search sessions and

complex tasks. LLMs, such as PaLM 2 3 powered Google Bard and Open AI’s GPT-4 4

powered BingChat, can generate contextually relevant responses, leading to extended inter-

actions and deeper exploration of information. These models better understand user intent

and context across multiple search sessions, providing detailed and informative responses

that accommodate follow-up questions or requests for clarification. They can also remember

and reference previous interactions, enabling continuity and coherence throughout a more

extended search session.

Nevertheless, challenges persist despite the progress made by generative AI and LLM-

based search systems. As Shah and Bender pointed out [253], these systems can still only

support a few information seeking strategies [26]. These systems may occasionally produce

incorrect or biased information and struggle with understanding complex or nuanced task

objectives. They often consolidate search results into a single definitive response, limiting

users’ ability to explore and browse through the results. LLMs excel at generating prescrip-

tive responses based on intricate probability distribution models, which can undermine users’

freedom to consider diverse options and exercise their own judgment [94, 130]. This lack of

judgment can lead to biased results, reinforcing societal biases. Additionally, LLMs may

prioritize specific sources and overlook less prominent or diverse perspectives, limiting their

ability to provide a comprehensive overview of relevant information. LLMs-based search

3https://ai.google/discover/palm2/
4https://openai.com/gpt-4
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systems have yet to grasp the nuanced context of search processes fully [202, 253, 30], which

necessitates human reasoning beyond straightforward execution. These systems struggle to

infer accurately and cluster users’ search intents and task goals, resulting in a less per-

sonalized search experience. Consequently, they may not effectively assist users in task

completion, especially when faced with ambiguous queries, which can lead to inaccurate or

irrelevant responses. Addressing these limitations requires ongoing research and develop-

ment efforts. Understanding users’ overall tasks and tracking the evolving states of tasks

and problems throughout search sessions can enhance the capabilities of LLM-based retrieval

systems and address their limitations.

1.1.1 An Example of Complex Search Session

Figure 1.2 and Figure 1.3 present example complex search task sessions taken from our second

user study (Chapter 5) conducted on a popular commercial search engine and the other with

an intelligent search agent, respectively. To complete this complex search task, searchers must

gather information on various aspects of the task. These examples highlight the limitations

of current search and IR systems in understanding and supporting complex search tasks. In

Figure 1.2, the searcher performed multiple queries and information evaluation rounds to

achieve different goals at different query iterations. As the search progressed, the searcher

continuously interacted with the system and search results; they gained more knowledge

about their tasks and encountered different challenges, and their cognitive focus (states)

kept evolving (e.g., from exploration state to exploitation state) like a learning process. As

a result, their information needs constantly shifted in every query segment.

Figure 1.3 shows the one definite answer provided by the LLM-based systems.

In both search sessions, the searcher faced challenges completing their tasks and exhibited

signs of lacking domain and topic knowledge while formulating queries [242]. However, the

systems failed to understand the struggles and provide appropriate support. They relied
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Figure 1.2: Here is a summary of a complex search task session performed by a searcher on

a search engine with queries submitted by the searcher and a summary of SERPs chronolog-

ically returned by the system. The paragraph at the top summarizes the overall goal of the

task.

heavily on the explicit expressions of search intents, even when expressed vaguely, leading to

the retrieval of less helpful information. The systems did not facilitate the improvement of

query formulations or the understanding of the overall task goals. As a result, the cognitive

burden of keeping track of the evolving task fell on the searcher, creating a gap between their

cognitive focus and the perceived mental state by the systems.

In order to help users in situations where they need assistance, there is a requirement

for intelligent support that can identify and carry out specific tasks. This system should be

able to recognize the challenges users face during different stages of their tasks and provide

appropriate assistance to help them with their search activities or any other activities that

involve searching [242, 243]. So it is critical first to understand those activities and how the

search fits in. The effectiveness of a search system should be measured based on its ability

to resolve users’ information problems and help them achieve their goals [198]. To do so, we
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Figure 1.3: Here is an example of a complex search task session conducted by a searcher on

a conversational search chatbot. The chatbot provided a single synthesized answer.

need to address the following components [87]:

• capturing and representing search tasks at various levels;

• capturing and representing latent task states that emerge during user interactions to

support their changing intents;

• incorporating these task representations into search or recommendation applications;

• deciding on appropriate intervention types and timing that do not diminish the agency

of searchers;

• identifying helpful information types and modalities to provide intervention support.
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In this thesis, we address the first three components mentioned above.

1.2 Problem Statement and High-level Research Questions

With the above discussion in mind, this dissertation research is guided by the insights from

previous studies on tasks and adopts a multi-disciplinary and human-centered approach to

achieve three main objectives, as follows:

Objective 1: Developing a Conceptual Model The first objective is to develop a con-

ceptual model that comprehends how different types of tasks elicit specific information

needs, leading to diverse methods, strategies, and information sources for seeking infor-

mation. The aim is to understand the users’ tasks, the motivations behind task needs, their

search approaches, and the challenges they encounter during each step of their search sessions

[259, 243]. In other words, we aim to construct a task-information need-strategy-problem

map, which can be utilized to offer task-based support in various information formats (e.g.,

suggesting queries, documents, or relevant individuals) to address the encountered problems

and guide users towards successful task completion.

Objective 2: Understanding Evolving Task States The second objective is to explore

how the knowledge of evolving task states, underlying search needs, and the overall goal

can enhance a system’s offerings to its users. Addressing the challenges mentioned above

necessitates automated methods for the sense-making of tasks and the development of task-

based information retrieval systems. These systems should excel in modeling, identifying,

and extracting tasks while also supporting users’ complex search tasks across various search

situations, modes, and modalities. Building upon the insights gained from the first objective,

this dissertation aims to develop computational models that can extract the nature of users’

tasks from their search behaviors.

Objective 3: Leveraging Task Knowledge in Search Applications The third objective

focuses on utilizing the acquired task knowledge in different search applications. Specifically,
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the emphasis is on learning task-based responsible design for scalable and efficient information

systems. These systems aim to align with users’ task goals and deliver relevant information

in various formats, such as queries, documents, and people. By understanding and leveraging

task information, this research aims to address the challenges users face during the search

process and provide effective support to overcome them.

1.2.1 High-level Research Questions

After analyzing the problem space and outlining our objectives, we have crafted four over-

arching questions to explore in this thesis.

RQ1. To what extent do various task types trigger distinct information

needs, prompting diverse approaches and strategies in the search for dif-

ferent types of information and sources?

RQ2. What problem(s) do searchers encounter while performing a specific

task, and the type(s) of help do they prefer to get from the system?

RQ3. What approaches can be employed to effectively represent and ex-

press tasks in a manner that is search context agnostic?

RQ4. In what ways can we integrate context-agnostic task representations

into current search and retrieval approaches to enhance their efficacy?

Since information seekers do not make decisions regarding their information-seeking pro-

cess in isolation but rather as part of a holistic process driven by tasks, our first research

question (RQ1) examines the relationships between core aspects of task-based information

seeking behavior and the various dimensions of these aspects. These dimensions include

“what” (nature and form of information), “why” (information need), “how,” and “where”

(information source). By understanding these relationships, we can gain insights into the
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information seeking process.

The second research question (RQ2) focuses on investigating the challenges or issues

individuals encounter while searching for information and the types of solutions they prefer

to receive from information systems. This knowledge will enable systems to identify users who

are facing difficulties during their search processes and offer appropriate interventions based

on their preferred assistance. Thus, these first two research questions, aligned with our first

objective, seek to comprehend the dynamic nature of task states and the evolving problems

users encounter during the search process. The answers to these questions contribute to

advancing our understanding of representing and explaining the dynamic aspects of complex

search tasks.

Moving forward, the third research question (RQ3) explores the relationship between

observable search behaviors and implicit task information in search interactions, intending

to extract tasks from these behaviors. By understanding this connection, we can enhance

the practical applications of our research.

For practical applications, the fourth research question (RQ4) delves into the possibility

of leveraging knowledge about users’ tasks and challenges to improve search efficiency and

provide adaptive support for users engaged in complex search tasks.

Considering the benefits of a context-agnostic task representation, such as flexibility,

generalization, scalability, transferability, and ease of implementation, it becomes apparent

that this approach is valuable for enhancing the effectiveness of search and retrieval systems

across diverse tasks and contexts.

Taking the aforementioned points into consideration, the primary argument put forth

in this thesis is that by taking into account the dynamic nature of users’ task states and

the varied search challenges they encounter at different stages of the search process, we can

construct more reliable and authentic models that accurately represent the intricacies of the

search process. This knowledge is a valuable means for gaining deeper insights into user
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tasks and the complicated interactions between users and the search systems they utilize.

The insights derived from this research can then be utilized by researchers to develop more

intuitive and realistic search/IR models and evaluation metrics that facilitate the assessment

of task-based retrieval systems and their users, thereby advancing the field of interactive

information retrieval.

1.3 Thesis Contribution

In this thesis, several significant contributions are presented. We categorize these contribu-

tions into primary contributions from conceptual and theoretical perspectives, algorithmic

and methodological advancements, empirical insights, and broader implications.

1.3.1 Conceptual and Theoretical Contributions

Our first contribution involves the development of a new task model. Building upon existing

task models (e.g., [173]), we propose an updated search process model that emphasizes the

evolving task states or users’ cognitive focus during their search journey. This addresses the

research question RQ3 in Chapter 6. The conceptual task model, outlined in Chapter 6,

encompasses various aspects and decision points that searchers encounter throughout their

search process (Chapter 4), establishing a flow of interaction based on established mod-

els. This enhancement allows for a more comprehensive understanding of the complexities

involved in the search process. As a conceptual model, it offers the flexibility to be opera-

tionalized in different ways, enabling its practical application.

Furthermore, numerous challenges are identified in the literature that users face while

seeking and searching for information. Our second contribution, discussed in Chapter 5, is

a task-problem-help mapping. This framework focuses on inferring potential problems users

may encounter during their search and recommends suitable assistance to mitigate those

problems across different task scenarios. Given the limited empirical work on understanding
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the barriers faced by searchers in various task scenarios, this framework provides system

designers with valuable insights to better model user interactions and identify their struggles,

ultimately facilitating the provision of appropriate support interventions.

1.3.2 Algorithmic and Methodological Contributions

The first contribution involves operationalizing the conceptualized unified task representa-

tion model that utilizes latent search session structures. This model focuses on complex tasks

and the evolving task states, addressing research questions RQ3 (Chapter 6, Chapter 7) and

RQ4 (Chapters 9 and 10). It complements the first conceptual contribution and provides

a global context-agnostic approach to task representation. This approach supports diverse

user interactions and task management. Additionally, the ability to model users’ tasks from

their interactions opens up new possibilities for solving various problems and enhancing user

engagement and satisfaction. The dissertation incorporates graph neural networks, particu-

larly metapath-driven heterogeneous neural networks, into the task research to accomplish

this.

The second contribution is the development of a general and straightforward workflow for

simulating synthetic search session behaviors on a large scale (Chapter 8). This workflow may

prove valuable for researchers who may not have the necessary resources to directly collect

user data or undergo a time-consuming data annotation process. The ability to simulate

search session behaviors at scale enables researchers to explore and analyze user interactions

more comprehensively, aiding in developing and evaluating interactive information retrieval

systems.

1.3.3 Empirical Contributions

Our dissertation focuses on using our task representation model to improve search and rec-

ommendation problems. We conducted two experiments to explore this implementation. We
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found that understanding the relationship between task characteristics and search behaviors

is crucial. By studying this relationship, we discovered that knowing users’ search behaviors

and specific task characteristics can enhance retrieval and recommendation quality. Addi-

tionally, task characteristics and user behaviors affect decision-making behaviors and can

potentially influence each other. This emphasizes the need for a comprehensive approach

when studying tasks in the field of IR and IIR.

This dissertation contributes significantly to the field of IIR by examining search in-

teractions during complex search tasks and linking task-based information seeking theories

to empirical practice. The implementation of task models in search and retrieval models

emphasizes the importance of considering tasks as contextual features in IR research. By

considering users’ changing cognitive focuses, the dissertation creates, implements, and eval-

uates cognitive focus-based models of complex search tasks that describe and explain the

dynamic nature of these tasks. Furthermore, it investigates the relationship between users’

task states and search tactics, paving the way for the development of task-aware adaptive

search supports. Precise task representation based on user-system interactions aids in un-

derstanding users’ requirements, allowing systems to provide superior recommendations and

personalized experiences. This approach addresses the challenges users face while search-

ing and goes beyond ad-hoc retrieval, providing support to achieve overall goals or tasks

associated with search sessions.

1.3.4 Broader Contributions

The results of this study can have implications for both work and everyday life situations.

By using advanced LLM-based systems that include task-based information retrieval and

recommendations, individuals can have improved access to information, overcome barriers

they face during information seeking, and make more informed decisions that contribute to

their overall well-being.
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Incorporating a user’s task information into LLM-based search systems can provide en-

hanced support for task completion that goes beyond traditional transactional search sys-

tems. This integration allows the system to align its responses and recommendations with

the user’s specific task goals, resulting in a more personalized search experience. Addition-

ally, by considering the user’s task information, systems can generate recommendations and

responses that are more contextually relevant and aligned with the user’s intent.

Task-based approach not only improves the effectiveness of the search system in facilitat-

ing task support and completion but also enhances interpretability and explainability. Users

are provided with a clear understanding of why specific recommendations are being made or

certain search results are being presented, improving their trust in the system.

By including task information in the system, a better understanding of the user’s infor-

mation needs and the context in which they arise can be achieved. This results in the system

being able to offer more helpful and valuable support throughout the entire task lifecycle

rather than just fundamental transactional interactions. The system can offer guidance,

relevant resources, and assistance at every stage of the task, considering the user’s changing

requirements and preferences. This approach increases user satisfaction and a more produc-

tive and effective search experience.

1.4 Thesis Outline

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

Part I introduces the research problem, motivation, background and contributions of the

thesis.

Chapter 1, within the broader context of this dissertation, serves as an intro-

duction to the main focus of the thesis. It provides an overview of the research

questions, contributions, and the overall structure of the work.

In Chapter 2, the background and prior work in the fields of IR and IIR are
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discussed. The chapter begins by explaining the fundamental concepts of IR

and IIR, specifically emphasizing how models and measures consider tasks in

information seeking. It then reviews existing literature that examines users’ task

behaviors, highlighting established IR concepts, search models, and methods in

IIR. Various user behaviors defined in the literature are outlined, followed by

an exploration of evaluation measures used in task-based IIR. The chapter also

explores the link between user characteristics and task behaviors. It discusses re-

cent research progress on task-based information seeking, users’ search problems

and needs, and existing theories based on empirical evidence.

Part II, presents our empirical contributions. In this part, we present the user studies

that were undertaken, as well as the experiments we conducted that allow us to address

research questions.

Chapter 3 presents an overview of the workflow of the thesis.

In Chapter 4, the characterization of tasks as a multidimensional construct is

explored, utilizing a user study and a few experiments to understand the rela-

tionships among users’ interactions in different task contexts, addressing RQ1.

In Chapter 5, a user study is reported, investigating users’ task-level behaviors,

problems, and preferred assistance, addressing RQ2.

The beginning of the Chapter 6 introduces the conceptual problem-help-task

model for task states, emphasizing task characteristics and user behavioral sig-

nals. The assumptions of the model are discussed. The latter half of the chapter

and Chapter 7 studies user search behavior and presents algorithms for extract-

ing search tasks from logged interaction data, addressing RQ3.
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Before delving into RQ4, we focus on developing a workflow to simulate synthetic

search sessions with task information labels for large computational models to

overcome the limitations of small-scale training datasets. In Chapter 8, we report

on our approach to create the simulated search sessions.

The final section of this part focuses on how to use the task information extracted

in various applications. We conducted two experimental scenarios - search and

recommendations - to test our task representation model and determine if it

enhances the performance of search and recommender systems. The last two

chapters of this part describe how we implemented the task representation model

in existing search and retrieval systems and several simulated experiments that

answer research question RQ4. In Chapter 9, we present a task-based re-ranking

model.

In Chapter 10 discusses a novel task-based recommendation model which lever-

ages task context to learn top-k recommendations.

Finally, Part III of this thesis consists of the concluding chapter.

Chapter 11 summarizes the work undertaken, implications of the main findings,

potential assumptions, and limitations. It also discusses avenues for future re-

search.

Chapter Summary

• Tasks encompass a wide range of activities aimed at achieving specific goals,

including work-related tasks, everyday routines, and leisure pursuits.

• Tasks play a crucial role in information seeking and searching behaviors, as indi-

viduals seek information to fulfill specific task goals.



22

• The characteristics of tasks, such as complexity and difficulty, influence informa-

tion seeking and searching patterns.

• Understanding the context of a search procedure, including tasks and evolving

task states, is crucial for effective search personalizations.

• Representing and operationalizing task knowledge within the search systems re-

mains a fundamental challenge in IR and IIR research.

• Advancements in technology have transformed how we search for and utilize

information. However, there are ongoing challenges in meeting the information

needs related to task-solving and goal accomplishment.

• Current search systems often rely on users’ explicit expressions of needs and

struggle with handling complex tasks. On the other hand, users often need help

articulating their goals and intentions while interacting with search systems.

• The thesis aims to advance the understanding of task-based retrieval systems and

complex user-system interactions.

• The thesis aims to integrate user task information into search and recommenda-

tion systems that yield several benefits, including improved support for overall

task completion, enhanced interpretability and explainability of recommenda-

tions, and a more comprehensive and tailored search experience.

• By leveraging task information, these systems can go beyond transactional in-

teractions and offer users meaningful assistance, ultimately facilitating their task

goals and enhancing their trust in the system.
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Chapter 2

BACKGROUND AND LITERATURE REVIEW

This dissertation primarily focuses on the intersection of human information behav-

ior (HIB), interactive information retrieval (IIR), information retrieval (IR), and human-

computer interaction (HCI). Figure 2.1 visually represents where the research is positioned

within these interconnected areas. Additionally, this chapter presents the theoretical, con-

ceptual, and methodological background, along with related work, that informs the research

conducted in this dissertation.

Research on people’s information behaviors and their interactions with IR systems can be

categorized into two distinct lines. First, information retrieval (IR) research draws from the

system-oriented Cranfield paradigm [71], focusing exclusively on the system itself. Second,

Interactive Information Retrieval (IIR) research primarily focuses on users’ behaviors, tasks,

and information needs rather than the requirements of IR systems [71]. IIR research bridges

the gap between system-oriented and user-oriented approaches, ensuring that IR systems are

accessible, usable, and effective for users [234].

2.1 Information Retrieval

The field of Information Retrieval (IR) research has undergone significant evolution since

its establishment in the 1950s, aligning with the development of computers, the Internet,

and intelligent communication technologies [185]. This progress has facilitated the study

and experimentation of IR, leading to the emergence of various retrieval models grounded in

diverse theories and accompanied by methods for evaluating their effectiveness. The primary

objectives of IR studies revolve around indexing and representing document retrieval and
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retrieving them efficiently [185].

Information retrieval, as defined by Manning [185], is the process of locating unstructured

material, typically textual documents, that fulfill an information need (topical similarity)

from extensive collections stored on computers. IR research aims to reduce information

overload and search times [237]. Initially, the IR process relied on manual library-based

approaches. However, with increasing computational power and storage capacity, it shifted

towards more automated methods [198]. By the 1970s, efficient retrieval techniques were

demonstrated on small text corpora like the Cranfield collection [71], which comprised several

thousand documents. The field of IR experienced rapid advancements driven by the need

to search for information within ever-expanding volumes of data generated and stored. The
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advent of the Internet and the accessibility of digital technologies further accelerated this

progress. The Cranfield experiments [71] played a crucial role in the development of IR. They

established a standardized experimental paradigm that employed the same set of documents

and information needs across languages and utilized standard IR measures such as precision

and recall to evaluate system effectiveness. However, these experiments made simplifying

assumptions; for example, the notion of topical similarity was approximated to determine

relevance, all relevant documents were considered equally desirable, and the relevance of one

document was assumed to be independent of others [281]. Additionally, Cranfield assumed

a static information need, disregarding any changes in the searcher’s search process [281].

Recently, IR research has been actively exploring and integrating advanced language

models and graph models to enhance retrieval performance. Large language models such as

BERT [86], GPT 1, PALM2 2, and Transformer-based architectures have shown promising

results in natural language processing jobs and inferring users’ search intents (e.g., [81, 186]).

Researchers are investigating how to leverage these models to improve document represen-

tation and query understanding in IR systems. Moreover, graph models like graph neural

networks and knowledge graphs are being employed to capture rich semantic relationships

between documents, entities, and concepts (e.g., [299, 91]). These endeavors could revo-

lutionize the field of IR and enable more effective and personalized information retrieval

experiences for users.

2.2 Interactive Information Retrieval

Interaction Information Retrieval (IIR) research, as discussed by Kelly [137], explores the

interactions between users, search systems, and information. It encompasses the analysis of

users’ actions, thoughts, and emotions when using search systems. Two main areas of study

1https://openai.com/gpt-4
2https://ai.google/discover/palm2/
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influence the field of IIR. Firstly, there are investigations into how people search for and seek

information. Secondly, there are efforts to develop innovative methods for interacting with

electronic resources [234].

The primary objective of IIR studies is to assess the effectiveness of a given search system

in assisting users in finding relevant documents [137]. These studies often involve comparing

the performance of different search systems or examining how contextual and situational

factors impact users’ cognitive processes and search behaviors. Researchers typically assign

tasks to study participants to facilitate comparisons and systematic evaluations, enabling a

comprehensive analysis of their interactions.

IIR research encompasses aspects from both user-sided and system-sided perspectives.

For instance, researchers may present the outcomes of a user study that explores a specific

aspect of a searcher’s behavior while also providing details of a system evaluation. Kelly

[137] suggests that IIR has its roots in various disciplines, including traditional information

retrieval, library and information sciences, psychology, and human-computer interaction.

While often viewed as a branch of IR and/or HCI, there are arguments supporting the

consideration of IIR as a distinct area of research [234]. To better define the position of IIR

within the system-sided and user-sided space, Kelly [137] presents a spectrum of work that

bridges IR and IIR. This spectrum consists of eight different categories of study, ranging from

solely system-sided investigations, such as TREC-style studies, to those that focus more on

the user’s perspective. The categories also include log analysis, which considers a searcher’s

behaviors when interacting with a retrieval system.

2.3 Information Seeking and Searching

The characteristics of the four primary information behaviors, namely information seeking,

information searching, information acquisition, and information use, are complex and can

be interpreted differently [251].
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Information seeking involves the process of an individual resolving their information need

[251]. It can be considered a middle-level category situated between macro-level constructs

like human information behavior and micro-level categories such as information search or

information retrieval [251]. Initially defined in the 1970s as specific actions aimed at satisfying

information needs [251], information seeking gained attention through Wilson’s article on

user studies and information needs in 1981 [297]. Wilson proposed that information seeking

behavior arises when an individual perceives a need and interacts with information sources

or services, resulting in success or failure to find relevant information [297].

Information searching behavior, a subset of information seeking and a micro-level be-

havior, refers to purposeful actions when interacting with information searching systems,

including information retrieval systems [16, 18]. It is one of the modes of information seeking

and generally involves active and directed browsing, monitoring, and reading of information

sources to fulfill specific information needs [16, 18].

Information acquisition is another mode of information seeking and involves obtaining

information [295]. On the other hand, information use encompasses the physical and mental

acts of incorporating the information found and how users perceive the helpfulness of that

information in addressing problematic situations [295].

2.3.1 Components of Information Seeking and Searching

According to Kuhlthau [148], information seeking involves fitting information with what

one already knows and extending that knowledge to create new perspectives. Past studies

have identified the following fundamental factors involved in individuals’ information seek-

ing: information/content/material, information needs, sources of information, and methods

to access information sources. This section covers different dimensions for each of these con-

structs are identified. From the theoretical perspectives, terms such as information seeking,

tasks, and information needs are contentious and difficult to agree on among researchers;
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therefore, we define the concepts for this study and overall dissertation research purposes.

Information

The term “information” is typically used to represent various overlapping and contradic-

tory concepts, and the meaning is varied based on different philosophical traditions. Two

dimensions of information construct have been presented in the existing literature:

• the representation/manifestation or expression of information such as

– communicated knowledge perceived by the cognitive state of mind or change in

existing knowledge structure [83, 38, 21, 195],

– sensory stimuli [231, 182],

– the process of gaining knowledge [218, 176, 39, 195],

– the process of communication [261],

– social construct [78, 231, 54],

– and objects conveying information [39, 231, 195]

• the interpretation (form or nature of information) of above representation (e.g., [39,

255, 190]) such as

– opinion,

– advice,

– fact,

– social or emotional support

Each of these dimensions of the information construct can play a more significant role than

the other depending on the information seeking context and based on other critical attributes
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of a seeking process such as the source of information, the seeker, and the problematic

situation that triggers the information need. Therefore, one can interpret “information” as

something meaningful that can add or change existing human knowledge structure, a form

of a tangible object, or a form of a thinking process based on what seekers define or seek

information in a particular context or situation.

Information Needs and Motivations

The concept of information needs holds significant importance in the field of IIR. Information

needs exhibit specific characteristics based on their utilization. They can be seen as a means

to obtain answers, reduce uncertainty, or address existing gaps in knowledge [59]. As users

progress through the information seeking or searching process, their needs evolve, and their

perceptions of information change accordingly, reflecting their increasing understanding and

knowledge of the problem at hand [238, 146]. Taylor [267] proposed a cognitive perspective

on visualizing information needs, outlining the stages involved in the mental process. He

described four stages in the construction of information need: the visceral need, which is the

unexpressed need experienced by a user; the conscious but inexplicable need; the formalized

need that can be expressed in natural language; and finally, the realized need, which is

presented as a question or query to a source [267]. Building upon Taylor’s theory, Belkin

[19] introduced the concept of the Anomalous State of Knowledge (ASK) as a starting point

for the information search process. Belkin defined information need as an uncertain and

unspecified problem arising from a gap between the user’s knowledge about the problem and

what they need to know to solve it [19].

From a different perspective, Wilson [296] conceptualized information need as a sec-

ondary need dependent on three primary interrelated human needs: physiological, cognitive,

and affective. These primary needs arise from the social environment and individuals’ roles

in their social and work contexts. Wilson emphasized that information needs emerge in soci-
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ological environments as problematic situations arise and information is sought and utilized.

The cognitive state of individuals, socio-cultural settings, and situational factors (e.g., tasks)

contribute to the variability in information needs [296]. To define the concept of information

need, it is crucial to consider how users perceive and articulate their needs, interpret the

task situations triggering their information needs, and search for and use information while

considering the social and physical environment. Katz et al. [131] categorized a number of

basic human needs into five groups: (i) needs for strengthening information, knowledge and

understanding (cognitive factors), (ii) needs for strengthening aesthetics, pleasures and emo-

tional experience (personality factors), (iii) needs for strengthening credibility, confidence,

stability (judgment of information values and relevance), (iv) needs for strengthening contact

with family, friends and the world (situational and social and environmental factors), (v)

needs for escape or tension release (affective factors).

Moreover, affective aspects, such as motivations and expectations, can also undergo trans-

formation and impact the evaluation of information and its perceived need [146]. Motivation

consists of the “inner states” that guides or prompt behavior [183], meaning that individuals

are compelled to act in specific ways in order to satisfy their information needs. Motiva-

tions can be objective, leading users to seek factual information to make informed decisions

or solve problems [9] or subjective, perceiving information needs as socio-cognitive require-

ments when individuals recognize problematic situations or knowledge gaps and attempt to

fill them by seeking relevant information [59]. Zhang [312] categorized motivations into three

broad factors: cognitive, social, and emotional, taking into account the users’ perception

and translation of their information needs. Similarly, Oh [214] identified ten motivational

factors: enjoyment, efficacy, learning, personal gain, altruism, community interest, social

engagement, empathy, reputation, and reciprocity. Based on Katz et al. [131], Choi and

Shah [65] created a comprehensive list of motivational factors and sub-variables to inves-

tigate different motivations that drive people to seek information while there is a need to
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address a task:

• Cognitive needs

– Finding relevant information in immediate surroundings, society and the world

– Seeking advice or opinions for making decisions

– Learning; self-education through acquiring information

– Gaining a sense of security through Knowledge

• Affective needs

– Looking for social and emotional support for personal issues

– Looking for social and emotional support for someone (e.g., family, friends, etc.)

– Looking for attainment on personal thoughts or Ideas

• Personal integrative needs

– Finding support for one’s own values

– Gaining insight into one’s own life

– Experiencing empathy with problems of others

• Social integrative needs

– Identifying with others and gaining a sense of belonging

– Finding a basis for conversation and social interaction

– Having a substitute for real-life companionship

– Feeling connected with other people
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• Tension free needs

– Having fun asking a question on Yahoo! Answers

– Filling time

– Emotional release

In this dissertation, we utilize the categories of motivations behind information provided

by Choi and Shah [65] and Katz et al. [131] as their frameworks are the most comprehensive

ones.

Information Source

Individuals utilize various sources available to them while fulfilling their information needs,

such as friends and families, books, and websites. An information source is a repository

that stores and provides knowledge or information [68, 307]. Sources of information can be

impersonal or non-human such as online sources, physical documents, various information

retrieval systems, or interpersonal or human-related such as friends and colleagues on various

online or offline channels [1]. Several studies on information source selections and preferences

have also found that different kinds of information sources are preferred in different situations,

in different everyday life and work-related task contexts (e.g., [247, 149, 235, 236, 47]).

Moreover, there are various conditions, including seekers’ previous experience with a source,

accessibility of the source, and the format and content of the information available [158],

by which information seekers value and select information sources. Anderson [4] found that

people perceived information sources that are easier to use as more accessible and choose them

frequently regardless of the quality of the information they expect to obtain. On the other

hand, Ashford [7] found out that the source quality is more important than accessibility while

thinking in a cost-benefit framework. Besides, time plays an influential role in selecting the

type of source [287]. Fisher [93] identified several preference criteria for information sources
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in their study, such as trustworthiness, contact, access or convenience, inexpensiveness, and

ease of use.

Methods to Access Information Source

Although information sources and the methods or channels to access the sources are often

synonymous in many existing studies [47, 60], these two concepts are distinct [1]. From

existing research, the study identifies two dimensions of the method of accessing information

sources and adds another dimension of mediation involved in accessing the sources:

• Physical-electronic dimension - the use of a physical or electronic medium for informa-

tion transfer [1]

• Synchronous-asynchronous dimension - the synchronicity of communication or connec-

tion [1]

• Mediation-No mediation - involvement of any mediated entity

According to Xu [307], channels are the modes of communication through which content

is delivered from an information source to seekers, such as face-to-face, phone, or e-mail.

Various cues [302] shapes individuals’ perceptions of information sources.

2.3.2 Problems and barriers in search interactions

Previous studies have shown that individuals frequently face difficulties when looking for

information (e.g., [92, 248, 249, 287, 242]) which cause uncertainties during an information

seeking searching process [67]. These include internal barriers (e.g., lack of knowledge, unable

to articulate and express the need) [27], external barriers (e.g., time constraints, institutional

restrictions) [245], and interpersonal barriers (e.g., lack of help from other people) [265], and

other barriers as well [67]. In their study, [67] identified twenty-one problems or barriers
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people might face during information seeking processes, such as information overload or

irrelevant search results. When people encounter problems in the search process, they desire

help or assistance either from an IR system or a human to solve problems [117]. Xie [305]

investigated help-seeking behaviors or problematic situations that arise in searching digital

libraries and identified fifteen types of help-seeking problematic situations that lead novice

users to seek help. They also identified possible causes behind those situations, such as

users’ knowledge structure related to the domain of the search tasks, system knowledge,

and information-retrieval knowledge. They showed that help-seeking situations are heavily

influenced by users’ personal and cognitive characteristics as well as the nature of tasks [305].

2.4 Information Searching Process

As Figure 2.2 shows, from the IIR perspective, a searcher develops an information need when

faced with a real-world task. This need arises due to a gap in their knowledge state [85], an

unresolved inconsistency in their mind (problematic state), or an Anomalous State of Knowl-

edge (ASK) [27]. To resolve the problematic situation, the searcher initiates the information

searching process to fulfill their information need to accomplish a specific task. The searcher

begins interacting with an IR system and starts a search session by formulating their infor-

mation need as a query. Once the query is submitted, the retrieval system retrieves results

and presents them to the searcher in the form of a Search Engine Results Page (SERP). The

searcher scrutinizes the content on the SERP and examines the title, link, and summary

snippets for each document listed on the SERP for potential relevance to their information

need. While examining these results, the searcher may find a particular summary interesting

enough to warrant further investigation, prompting them to click on the provided link. This

takes the searcher to the corresponding document, allowing for a more detailed examination

to determine its relevance. If unsatisfied, the searcher may return to the SERP and continue

exploring additional results. Throughout this process, the searcher continually learns about
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the task at hand, and the interaction cycle may prompt them to reformulate their query as

their underlying cognitive focus and mental model of the task goal evolves. This, in turn,

leads to a revised SERP that offers more promising results. This iterative process could go

on until, eventually, the searcher decides to end their interactions, either within a particu-

lar SERP or the entire search session. The decision to stop may stem from fulfilling their

information need, frustration with the retrieval system’s inability to provide relevant results

or various external factors such as time constraints.

Figure 2.2: Information searching process in general from IIR perspective.

2.4.1 Search Session

The concept of a search session is fundamental in the search process, as it serves as a basis

for developing metrics for application analytics and conducting behavioral analyses of user-

centered systems [198]. In the context of IIR, a search session refers to a series of interactions

between the searcher, the search system, and the retrieved document content within a specific

timespan to address a single task or information need [118]. A search episode can contain
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one or more search sessions. A can contain one or more query episodes 3. Sessions allow

us to extend our understanding beyond individual query segments by preserving semantic

connections between query trails and capturing the context of user activity. This enables a

more comprehensive view of user interactions and helps to establish meaningful associations

between related queries.

Previous IIR research has explored different strategies for identifying sessions from search

logs 4. For instance, content-based heuristics [264] utilize the lexical content of queries to

determine shifts in the topics of query streams. Navigation-oriented heuristics [263] infer

browsing patterns based on HTTP referrers and associated URLs. Time-oriented heuris-

tics [76] involves setting a threshold of inactivity between logged activities to indicate the

end of a session and the start of a new one. The underlying assumption is that if there is a

sufficiently long break between a user’s actions, it is likely that the user is no longer active,

and the session is assumed to have ended. Catledge and Pitkow [61] found that the mean time

between logged events was 9.3 minutes and added 1.5 standard deviations to establish a 25.5

minutes inactivity threshold. Over time, this threshold has been simplified to 30 minutes,

which is the most commonly used approach for session identification [89, 263, 216] in IIR

evaluation and experimental studies. Additionally, Radlinski and Joachims [222] employed

a 30-minute timeout and query similarity measures to define sequences of similar queries,

known as query chains.

2.4.2 User Search Behaviors, Search Strategies and Intents

In the past, research on IIR has concentrated on studying the actions of users during search

sessions and query segments to obtain information relevant to their tasks. This information

3A query segment refers to a search session segment that starts from one issued query and ends at the
next query [203].

4“Search log” is the record of events that happens when a user searches for something using a retrieval
system. The system logs various actions during the search, like entering a query or clicking on a link.
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has been used to improve the effectiveness of search systems. Research has shown that

by analyzing explicit and implicit actions of users, such as query formulation, browsing

patterns, and clicking-scrolling, it is possible to predict specific task details and even the

tasks themselves.

Studies have looked into how people search for information based on the type of task

and how they interact with search systems. During a search session, users perform vari-

ous actions like creating and modifying queries, viewing result pages, clicking and scrolling

through documents, reading individual documents, and going back to the search page to

make changes. User behavior, such as how long they browse or how many times they click,

can indicate their preferences. These actions can be categorized based on the query they

are associated with [172]. While some studies examine behavioral signals computed over

the entire search session (e.g.,[210]), others focus solely on signals available within a query

segment (e.g.,[205]).

Marchionini categorized the activities of searchers during a search session into tactics,

moves, and strategies [188]. The sequence of search tactics typically represents information

search strategies employed within a search session. A search tactic, which is a segment of

a search strategy, encompasses the actions performed within a query segment, including

query formulation, search result browsing, and examination. Search actions, also known as

moves, are fundamental components of search interactions and occur at various stages of the

search process (e.g., formulating a query, examining the first search result, and continuously

browsing the current search engine results page).

Expanding on this work, Xie proposed the concept of “interactive search intentions” and

established a correlation between strategies and high-level intentions, such as locating a spe-

cific link and acquiring domain knowledge [304]. Broder [37] further classified web searches

into three categories based on information-seeking and search intentions: navigational, trans-

actional, and informational. Rha et al. [227, 226] demonstrated that differences in reformu-
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lation strategies could be associated with variations in the abovementioned intentions. They

investigated how different types and states (satisfied or unsatisfied) of information seeking

intentions lead to distinct query reformulation reasons and strategies. Building upon these

findings, Mitsui et al. [210] showed that these intentions could be predicted at the query

segment level using machine learning techniques with query browsing features as input.

2.4.3 Information Search Process Models

The search process is designed to capture the cognitive processes involved in a search session.

In IIR research, various theoretical models have been developed to describe the general in-

formation seeking and search process. These abstracted theoretical search models have been

widely utilized in IR research and implicitly integrated into different evaluation measures.

Prominent information search process models, such as those proposed by Ellis [90],

Bates [17], Kuhlthau [147], Vakkari [276], and Järvelin [120], have primarily focused on the

cognitive and affective aspects of the search process. These models emphasize the reciprocal

influence between the searchers’ seeking behavior, the search environment, the task context,

and querying actions. Additionally, they highlight the socio-organizational context’s impact

on searchers, as influenced by their interpretation of the task and their understanding of the

domain, ultimately affecting their behavior.

Vakkari [276] and Kuhlthau [147] have studied complex long-term tasks that consist of

multiple smaller sub-tasks. While Kuhlthau [147] focused on affective and conceptual pro-

cesses and developed the Information Search Process (ISP) model, which identifies six stages

of information seeking (refer to Figure 2.3), Vakkari [276] translated this process into a series

of stages from task assignment to task completion. Different stages of the search process cor-

respond to users’ varying cognitive focus, leading to different information sources and search

actions. At the initial phase of the search process, searchers often experience uncertainty,

with their cognitive focus shifting from frustration to clarity [147]. As they progress in
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Figure 2.3: Information Search Process by Kuhlthau [147].

their search, their level of uncertainty diminishes [147]. The presence of uncertainty creates

a chance for interactive systems to provide on-the-spot assistance and support for specific

tasks. The ISP model’s definition of uncertainty connects emotional and practical aspects

of seeking information and is linked to various cognitive challenges in human-information

interaction. This includes the anomalous state of knowledge during interactive information

retrieval [20] and the cognitive gap in the Sense-Making process [85, 83].

Vakkari [276] expanded upon the previous model and introduced a task-based information

retrieval process composed of three task stages: pre-focus, focus formulation, and post-focus.

This extended model explores the connections between stages of the learning task process

and information searching behaviors (refer to Figure 2.4). Vakkari’s model studied further

to demonstrate a strong correlation between the users’ problem states during task execution

and their information needs, the search strategies they employ, as well as their assessment

of document relevance and usefulness.

Ellis [90] analyzed various ways people search for information, including browsing, fil-

tering, and finding complementary information. This complements Kuhlthau’s model by

connecting to the different stages of the search process, including associated emotions (like
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Figure 2.4: Task-based interactive information search process by Vakkari [276].
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uncertainty or a sense of direction), cognitive states (like being vague or focused), and actions

taken. [90].

Similarly, Bates [17] introduced the berry-picking model for searches, where the query

evolves instead of having a single, static goal. This process is more like picking berries from

bushes rather than following a linear sequence of steps to find the most useful documents.

Ingwersen [114] developed a framework aiming to emphasize the causal relationship be-

tween a searcher’s information need, the problem state, the domain work task, and task

interest (see Figure 2.5). Järvelin [120] later extended this model and added nine different

task dimensions: the work task dimension, the search task dimension, the actor dimension,

the perceived work task dimension, the perceived search task, the document dimension, the

algorithmic search engine dimension, the algorithmic interface dimension, and the access and

interaction dimension.

The models mentioned earlier are often used to describe the stages of task-based in-

formation seeking processes. However, they do not provide guidance on personalizing and

optimizing search system support based on the searcher’s evolving task stages and character-

istics, such as their focus, intentions, search strategies, and problems encountered during the

search. This means that most search processes and task-based models have limited practical

implications for creating computational frameworks supporting complex tasks simultane-

ously. As searchers interact with new information, their knowledge state changes, leading

to changes in their cognitive attention, information needs, and the usefulness of documents.

Therefore, it is essential to consider the dynamic nature of task processes for search system

results to benefit searchers in their current task state.

Researchers have recently created models that use advanced statistical and machine-

learning techniques to represent task states or stages. These models are also computa-

tionally compatible with technical implementation requirements. For example, Rose and

Levinstone [229] created a conceptual framework for user goals associated with queries in
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Figure 2.5: A task-based information search process defined by Ingwersen [114].
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a way search systems can understand. Fuhr [97] and Dung and Fuhr created a framework

using Hidden Markov Models to recognize and analyze search behaviors. Their approach

includes both discrete and continuous signals and is a significant step towards building bet-

ter interactive search systems. Cole [75] developed a framework that examined how users

performed tasks of various kinds and discovered that the types of tasks and their difficulty

levels could be identified by analyzing the user’s activity and cognitive processes. This is

done by examining the sequence and distribution of their activity and cognitive states. Luo

et al. [181] applied a partially observable MDP framework in characterizing and optimizing

task-based search processes. Specifically, they proposed four hidden decision-making states

based on users’ query term selection and page-visiting behaviors to mathematically model

dynamics in task-based session searches. They also simulated optimized recommendations

based on the estimated states in the interaction process. Finally, Maxwell [192] represented

a graphical and probabilistic iterative framework (see Figure 2.6) of the search process with

attention to varying states at each step of the process, including the importance of back-

ground knowledge, intentions, and the searcher’s subjective notions of relevance at each step

of issuing queries and evaluating results.

However, further research is needed to connect the overall understanding of a task with

its execution in search mechanisms.

2.5 Tasks in Information Seeking, Searching and the Process of Information Retrieval

Tasks are an integral part of people’s daily lives, encompassing various activities, constraints,

and durations for completion. The motivation behind information seeking and searching be-

haviors often arises from tasks that prompt individuals to transform their information needs

into manageable goal-oriented subtasks and often engage in lengthy, iterative search processes

characterized by distinct stages and evolving objectives. Consequently, understanding infor-

mation seekers’ goals, needs, and information-related issues involves considering the tasks
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Figure 2.6: Task-based interactive information search process by Maxwell et al. [192].

that drive their information searching behavior and the tasks they must accomplish during

the search process [258]. Tasks significantly influence the challenges searchers face, their

choice of information sources, their perception of success, and the difficulties encountered in

finding useful and credible information [285, 242, 241].

In the field of IIR research, tasks serve two purposes. First, they are used to observe

behavior and evaluate systems and tools [270]. Second, they can be the main focus of the

research [270]. Research on tasks examines how their characteristics influence users’ needs

and behaviors. As an object of research, task characteristics can be experimentally compared

as variables. For instance, tasks can be used to test whether a search system is effective for

simple fact-finding tasks or problem-solving tasks. Tasks are just one aspect of research

design and can be assigned to users in a user study to observe their behavior and/or system

performance.

There are two main research methodologies used in task-based IIR: controlled user studies

and large-scale search log analysis. Large-scale log analyses involve studying millions of
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queries and documents from real-world user interactions (e.g., [179]). This approach provides

valuable insights into how people naturally search for information during real-life tasks. On

the other hand, researchers focusing on task-based information seeking with real users often

use user studies. These studies can occur in controlled laboratory settings where variables

can be managed. Participants can work in their own space, and the task is an integral part of

the research design. While modeling searchers’ information needs in an experimental study

can be challenging, task-based studies allow researchers to combine a specific task with a

related topic to form an information need [137].

2.5.1 Defining Task

The task is a widely examined and essential aspect of individuals’ information seeking be-

havior within the field of IIR [115]. According to cognitive and socio-cognitive perspectives,

information seeking occurs within a task’s context. The task context is primarily shaped by

work or everyday life situations, serving as the central situational element. These situations

give rise to problematic scenarios where individuals recognize their need for information to

progress with their current task [115]. Within this definition, the concept of a task holds

various interpretations. For instance, a task can be understood as an explicit expression of an

individual’s abstract and visceral information need [267] conveyed through spoken language.

It also represents the overarching goal or purpose of the search process [137]. Such tasks

include “gathering information to open a bank account” or “planning a trip.” Therefore, a

task fundamentally encompasses a series of interconnected physical, affective, or cognitive

actions and activities that individuals undertake to achieve their goals, both in their pro-

fessional and personal lives [277, 42]. From a more detailed perspective, a task can also be

viewed as an atomic information need, leading to formulating one or more queries directed

at IR systems [126].
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2.5.2 Anatomy of Task

The classification and conceptual deconstruction of tasks in order to enhance search and

IR systems have been extensively studied. These tasks possess inherent hierarchical and

multidimensional characteristics and can be interpreted and modeled at various levels of

granularity [45, 44]. Various disciplines have examined the influence of task characteristics

on behavior and outcomes, providing insights into the complex nature of the “task” construct.

For instance, early studies by Carter et al. [55] introduced an activity-based classification

of tasks, encompassing intellectual construction tasks, mechanical assembly, and discussion

tasks. In contrast, Hackman [101, 102] specifically focused on reasoning tasks, such as

discussion tasks, production tasks, and problem-solving tasks. In HCI research, tasks are

defined as goals to be achieved, with intentions serving as specific actions towards that goals

(“To get something done, you have to start with some notion of what is wanted - the goal

that is to be achieved” [213]). Norman [213] referred to these specific action statements as

intentions, which transform goals into actionable steps. A goal is something to be achieved,

often vaguely stated. An intention is a specific action taken to reach the goal. Patern‘o [217]

also conceptualized tasks as multi-level entities.

In IIR research, Bystr”om [45] developed a nested task representation comprising three

levels: work task, information seeking, and search or retrieval task. Each level encompasses

its own set of goals, intentions, conditions, actions, and outcomes (refer to Figure 2.7). Fur-

thermore, these task levels can be modeled as concrete sequences of states and actions [173].

Due to the influence of situational aspects during the search process, users’ task states often

undergo changes and evolution throughout the search process [173].

At the outermost level, the concept of work task encompasses the overarching objective

that initiates the search process [44, 191]. For instance, a task may involve the broad goal of

“gaining knowledge about mesothelioma in order to comprehend available treatment options.”

This overarching task consists of one or more information seeking tasks, such as “researching
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Figure 2.7: Deconstructing the task: A nested model with three task levels defined by

Byström and Hansen [45].

the causes of mesothelioma” or “learning about different diagnostic tests.” These tasks can

be accomplished by consulting various information sources, including search systems and

human experts. Additionally, each seeking task can be further broken down into micro-level

information retrieval or search tasks, which can be fulfilled by consulting search systems

in a single instance [44, 191]. Moreover, each information search or retrieval task typically

represents a single or sequential atomic unit of information required, where a query is issued

(e.g., “early symptoms of mesothelioma”) and a series of associated actions, such as viewing

and clicking on relevant results, are performed.

In a related study, Xie et al.[303] investigated the multi-level characteristics of searchers’

objectives and proposed a hierarchical framework consisting of four levels of tasks. This

framework, depicted in Figure2.8, incorporates different task attributes such as task goal,

product, and process. The four levels encompass long-term goals, which represent searchers’
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personal interests; leading search goals or work tasks; current search goals, which encompass

ongoing information seeking and search tasks; and interactive intentions, which encompass

the specific objectives a searcher aims to achieve at each local stage of search tasks. Re-

cently, Shah et al. [258] proposed another model of hierarchical task modeling that could be

implemented in search and recommendation systems.

Figure 2.8: A hierarchical model of task goals defined by Xie [303].

In both classification schemes, each task level is characterized by a defined objective

but an expected and potentially unknown outcome [270]. Moreover, each sub-task level

relies recursively on the preceding one(s) [191]. Each task stage encompasses a series of

physical, cognitive, and affective activities that represent the searcher’s process of retrieving
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information from IR sources [276]. The specific type and quantity of activities a searcher

performs in each task stage can vary based on the task’s characteristics, such as its goal,

product, difficulty, or complexity, as well as situational factors like time constraints [44]. For

instance, in complex information domains like healthcare, searchers are required to engage in

more cognitive activities such as reading, interpreting, and evaluating retrieved information,

accessing multiple information types from various sources in an iterative process until a

satisfactory solution is found or the task is abandoned [270].

The search process, which encompasses the journey from the primary search goal to the

search outcome (i.e., the final task product), is composed of one or more sub-tasks that must

be completed to achieve the ultimate task outcome [270]. Each task has a starting point

that initiates the search process and a stopping point when the goal has been achieved or

when the task is abandoned [270]. The triggering event may originate from a work context,

a personal or situational context, or maybe prompted by another task [270]. Initially, the

concept of a task was closely associated with work [276], where tasks were assumed to arise

within a workplace context (e.g., “write a project report”) [276]. However, Savolainen [245]

argued that tasks could also emerge from everyday life interests, problems, or situations

outside of a work context, leading to active information seeking and searching practices

(e.g., “planning a vacation” or “finding a doctor”). Therefore, the term “work task” can be

used to encompass both work-related and everyday life tasks [115]. It should be noted that

specific components of large macro-level work tasks may require system and human support

beyond the capabilities of search systems (e.g., “writing a dissertation proposal”) [270, 258].

2.5.3 Task Categorizations

In IIR, tasks have been categorized in various ways to explore the relationship between task

characteristics and behavior. In terms of task definition during the search process, previ-

ous research has developed and applied task models that consider task characteristics such
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as task complexity, task goal, and task outcome or product [187, 139, 141]. For instance,

studies have combined task facets related to goals and products to define known-item tasks

(with factual product/specific goal), known-subject tasks (with factual/amorphous goal),

interpretive tasks (with intellectual product/specific goal), and exploratory tasks (with in-

tellectual/amorphous goal) [156, 166, 74, 75, 63, 227, 206, 172]. Other commonly used task

facets for modeling tasks include the level of document evaluation [75, 166] and the objective

complexity of the task [75, 166]. Some of these task facets remain static throughout the

task process. In contrast, others, particularly user-dependent attributes, may change dur-

ing the search process, such as users’ perceptions of the task, perceived task difficulty and

complexity, knowledge about the task topic, and the intention behind each query [173].

When defining and representing tasks, multiple aspects are taken into account. These

include the person carrying out the task, the task itself as a separate entity, and how the

person performing the task views and approaches it. Existing research on task conceptual-

ization and modeling can be broadly categorized into two groups: (1) static representations

of task, which conceptualize a task as an abstract representation of predefined goals; and

(2) dynamic representations of task, which model a task as a concrete sequence of states

and actions [44]. Within the static perspective, tasks can be further classified into two cat-

egories: (i) one-dimensional, which defines a task based on a single attribute value such as

task goal [138, 301] or task prior determinability [53, 51]; and (ii) holistic/multi-dimensional,

which defines a task as a combination of multiple facet values [156, 166]. Thus, task proper-

ties can be divided into static task facets and dynamic task facets based on the task facets

identified by Li et al. [156] and other relevant works [138]. Static factors include the task’s

type, goal, product, and objective complexity. Dynamic facets include things like how dif-

ficult a task seems, how much knowledge a searcher has about the topic, the searcher’s

intentions behind each query, their perceptions of the task, and their expectations for the

search process and outcomes [173]. Figure 2.9 gives a holistic picture of all facets.
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Figure 2.9: A Comprehensive categorization of task facets by Li and Belkin [156].
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Representing tasks based on various task facet values from static perspective

Theoretical support for a significant body of task-based IIR has been provided by both

one-dimensional and multi-dimensional approaches in the task definition. The properties of

the overarching task significantly impact multiple aspects of a sub-task [154], thus initiating

the search process. While a multi-dimensional approach based on task goals and products

was taken by Xie et al. [303], Bystr”om et al.[45, 44] adopted a one-dimensional approach

to task classification, considering different levels of work tasks. Nevertheless, they defined

hierarchical task classification schemes covering various levels of information-related tasks

and sub-tasks. Apart from these studies, other researchers have defined the overarching

task based on single or multiple combinations of task attributes. Campbell [49], based on

subjective task complexity, created sixteen possible task types, which can be categorized into

four groups: simple, decision, judgment, problem, and fuzzy tasks. Ingwersen [115], on the

other hand, defined two types of tasks: work tasks and search tasks, based on the search

process and goal.

Many studies have used comparable methods to model search and seeking tasks, result-

ing in significant redundancy. Marchionini [187] and Kelly [139], considering the task result

or product, classified tasks into two types: close-ended and open-ended. Reid [224] cate-

gorized search tasks based on the source, distinguishing between internally and externally

generated tasks. Broder [37] categorized Web search into three classes: navigational search,

informational search, and transactional search. An informational task can be seen as a gen-

eral topical search. In contrast, a navigational task corresponds to a known-item search. A

transactional task is also a form of known-item task. Other works have examined search

tasks such as fact-finding, information gathering, browsing, and transaction tasks [121, 250],

or tasks that are either simple fact-finding or exploratory [6, 150]. Kim [141] identifies four

task types that represent the diverse information needs of web searchers: factual, descrip-

tive, instrumental, and exploratory. Exploratory tasks, among them, are often ill-defined,
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complex, and open-ended, requiring multiple rounds of searches. Various researchers have

defined tasks as combinations of goals and products, resulting in multiple possible task

types [181, 63, 228, 227, 166, 123, 3]. Figure 2.10 and Figure 2.11 depict different task

classification schemes developed by these researchers.

Li and Belkin [156] have developed a comprehensive understanding of tasks by combin-

ing various works on task classification and their empirical studies on task-based information

searching. Their faceted classification captures various generic task facets, including source,

task doer, time, outcome, process, and goal, as well as common attributes such as interdepen-

dence, objective complexity, and searchers’ perceptions of tasks such as salience, urgency,

difficulty, subjective complexity, and knowledge. This scheme can be used to classify all

levels of tasks and provides a more complete picture of the different dimensions of IR tasks

than many previous studies, as shown in Figure 2.9.

In this dissertation, we utilize Li and Belkin [156]’s task typology to develop our user

studies.

Modeling tasks based on various task facet values from dynamic perspective

Following Xie’s concept of interactive intention in the hierarchical task model [303], the task

state during a search task can be defined as the objectives or intentions that a searcher aims

to accomplish within a query segment, which is a segment that starts from one issued query

and ends at the subsequent query [211]. This encompasses a local goal and the associated

activities that drive a query segment within the search task [172]. Searcher task states often

undergo changes and evolve during search interactions, influenced by local situational factors.

The dynamic task facets encompass attributes that combine the task and the searcher, which

vary across different task states within the search process. These facets include subjective

task complexity, difficulty, interactive intentions, strategies, task-related perceptions, and

searchers’ expectations.
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Figure 2.10: A list of work task classification schemes summarized by Li and Belkin [156].
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Figure 2.11: A list of search task classification schemes summarized by Li and Belkin [156].

The difficulty of a task is mainly determined by how the person doing it perceives the level

of effort and difficulty involved. It is a subjective perspective [293]. Conversely, a task topic

denotes the subject area that forms the focus of the task [137]. In contrast, domain knowledge

or topic knowledge represents a person’s general understanding of the task’s subject area.

The level of domain knowledge can influence a searcher’s search strategies [204, 254].

Among the various attributes associated with tasks, task complexity has been acknowl-

edged as a crucial factor affecting the information seeking strategies of searchers [41, 274].

Different studies have conceptualized task complexity from different perspectives [29, 240,

51]. The complexity of a task can either be objectively defined or perceived subjectively by

those who are doing the task. Objective task complexity is not dependent on the person

doing the task and can be determined in advance. Byström [47] viewed task complexity as

prior knowledge about a task and expected outcomes. As task complexity increases, searchers

require more sources of information, domain knowledge, and problem-solving information.

The difficulty level can depend on the task requirements and goals when searching for

something. As the search progresses, the complexity can change based on how the searcher



56

interacts with the search system. This cognitive effort and learning needed to complete the

task is called subjective complexity. More complex tasks may require multiple searches,

a higher cognitive load, and conscious decision-making. Additionally, in these tasks, the

required information or expected results may not be known in advance [37].

2.5.4 Relationships Between Task Characteristics and User Behaviors in Search Sessions

Numerous studies have employed diverse contextual and behavioral data to examine the

relationship between task characteristics and search behaviors. These studies have observed

explicit and implicit search behaviors, such as dwell time on result pages, in order to infer

searcher and task characteristics, including search satisfaction and task goals or products.

To explore the impact of tasks on search behaviors, researchers have intentionally manip-

ulated task goals, creating tasks with specific, abstract, or mixed goals [63, 181, 228, 227].

They also have various task products involving tasks focused on locating facts, decision-

making, or generating new insights from facts [142, 134, 187, 181, 63, 228, 227]. Task difficulty

was found to affect search behavior differently depending on the task type (e.g., [167]). Ad-

ditionally, the influence of task difficulty on searchers with varying expertise levels has been

investigated, revealing differences in query term usage, query term richness, the proportion

of terms derived from task descriptions, and search session (e.g., [163]). Task types have also

been associated with variations in query length, session time, and URLs per query [166, 123].

Task complexity has shown similar relationships [138]. Tasks with a specific dimension re-

sulted in a significantly more significant number of queries, more unique queries, longer query

length, fewer clicks and bookmarks per query, and a smaller query log-likelihood [53].

Direct associations have been identified between the objective complexity of tasks and

the time spent on tasks, time spent per selected document, and the total number of selected

documents [155]. Liu et al. [165] examined task complexity and dwell time across task stages

and discovered that document usefulness varied based on task complexity. By considering
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users ’ expertise levels, Liu et al. [163] explored distinguishing task difficulty from behavior.

Similarly, Hienert et al. [110] found a significant relationship between searchers’ actions

and their familiarity with the topic, perceived difficulty, success, and time pressure. Differ-

entiating between topic knowledge and domain knowledge has been accomplished through

various behaviors, including content page and query browsing statistics [168], query reformu-

lation patterns [112], the number of relevant information found [311], search efficiency [112],

domain-specific word usage in queries [289], and differences in the types of web domains

visited by experts compared to non-experts [289]. Task types have been distinguished based

on various behavioral signals, including the number of content pages and queries, time spent

on pages and queries, click and scroll depth, query reformulation behaviors, and task com-

pletion time [123, 166, 206, 139, 75]. Brennan [36] revealed significant direct relationships

between task types (e.g., remember, analyze, create) and session length, the total number of

queries, query length, and the total number of SERP clicks. Fox et al. [95] found found that

click-through rates, time spent on search result pages, and how searchers exit result pages or

end search sessions can predict user satisfaction. Furthermore, previous research has demon-

strated that the usefulness of web pages can be implicitly measured based on users’ dwell

time on a page [290, 95] with a minimum dwell time of 30 seconds considered indicative

of usefulness [254]. Web page relevance was also assessed using participants’ bookmarks or

snippets [254].

In the whole search session analysis, several significant search behavioral signals have been

identified, including mouse activity and content viewing activity [6], time spent on content

and queries [10, 100, 160, 161], total task duration [6, 169], bookmark statistics [6, 169],

content page and query count statistics [6, 10, 100, 161, 163, 169], query reformulation

behaviors [227]. Significant implicit and explicit behavioral signals in query segments include

time spent on content pages and query pages [6, 160], mouse activities [6], viewing rank [6],

and bookmark activities [6]. Important per-query segment and mid-session features include
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content page and query count statistics [169], page and query dwell time statistics [169], and

query length statistics [10], and bookmark statistics [161].

2.5.5 Task Inference and Prediction from User Behavioral Signals

Many empirical studies have utilized a subset of the task taxonomy proposed by Li et al.[156]

to infer task types based on search behaviors. These studies have employed task facets such

as goals and products to define various task types. For instance, known-item search (factual

product/specific goal), known-subject search (factual/amorphous goal), interpretive search

(intellectual product/specific goal), and exploratory search (intellectual/amorphous goal)

tasks have been formulated by combining task facets [74, 75, 206, 166, 123]. Task inference

from behaviors has involved determining task goals and products. Several studies have

attempted to predict tasks by utilizing browsing behaviors from entire sessions as features in

a single predictive model [206, 123, 166]. In contrast, others have focused on specific query

segments [8] for task inference [156].

In the domain of task inference, various statistical and machine-learning techniques have

been employed. These methods, including independent t-test, the Mann-Whitney U test,

ANOVA, linear modeling, the Kruskal-Wallis H test, classification, clustering, and regression,

have primarily been used to detect significant behavioral differences among multiple task

types [74, 135, 157, 166], between two task facets (e.g., factual/intellectual product) [166],

among different levels of complexity [271, 36], topic familiarity [157], task difficulty [10,

74, 160, 163, 160], and between two levels of time pressure [162]. SVM and multilayer

perceptron have also been utilized to predict task type, goal, product, and query segment

intentions [204, 206, 116].

Several recent studies have utilized sequential features from search sessions to deduce

tasks. For example, Cole et al. [75] created a graphical model of how the searchers’ thinking

changed throughout their search and determined each task based on the patterns in their
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cognitive state using a Markov model. Similarly, Kotzyba et al. [144] tried to infer tasks

using task states as different page types to model sequential behavior in a session using the

Markov and Hidden Markov models. Furthermore, Mitsui [208] created a graphical model

for task characteristics, user characteristics, and behaviors to empirically studied them as a

network of dependencies and predicted tasks.

2.5.6 Task Extraction from Large-scale Search Logs

There is a substantial body of research focused on segmenting and organizing large-scale

search logs to establish coherent structures and identify users’ tasks [143, 200, 104, 124].

These studies aim to predict session tasks based on users’ query logs. However, extracting

and predicting task features from large search logs pose challenges due to the messy nature

of real-world event logs. Consequently, research on search log data has explored various

methods and types of search behavioral signals to define and group tasks. For instance,

researchers have utilized click-entropy, navigational clicks, total and unique URL domain

clicks, query length, and post-click query behaviors.

Most of the studies on task extraction have focused on analyzing textual query contents

and other query-related features to model tasks from search logs. Jones et al.[125] attempted

to extract tasks and sub-tasks based on temporal differences, edit distances between queries,

query co-occurrence features, and similarity between queries’ search results. Radilinski et

al. [223] extracted tasks by analyzing query reformulations and clicks using a random walk

on the bipartite query-document click graph. Lucchese [178, 179, 180] leveraged session-

based queries and proposed various clustering algorithms, along with an efficient heuristic

algorithm, to extract tasks from a given query collection. Lucchese [179] created a heteroge-

neous graph that links similar topics of searches with appropriate web pages, using the user’s

clicks as a basis. Wang et al. [283] employed a structured learning approach to partition

tasks based on latent query-based, URL-based, and session-based features. Blei et al. [31]
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adopted a topical similarity approach to cluster queries by assessing similarities between

query topics, thereby identifying tasks. It is assumed that queries submitted within a short

time are related to the same task, and users with similar information needs tend to submit

topically coherent queries.

In contrast, Mehrotra et al. [199, 200] suggested two Bayesian non-parametric methods

that utilize a hierarchical structures to extract subtasks from complex tasks. These methods

recursively derive hierarchies of tasks and subtasks in the search process. On the other hand,

Li et al.[152] employed topic modeling using Latent Dirichlet Allocation (LDA) combined

with temporal grouping from Hawkes processes to group temporally close queries on the same

topic into tasks. Additionally, several studies have explored word embeddings to determine

tasks and subtasks [199, 200].

2.6 Various Approaches to Evaluate Task-based Search Process

With many task inference, extraction, and prediction models available that use different

combinations of task and searcher characteristics, behavioral signals, and methods, it can

be challenging to evaluate them. The main questions are how to assess the models and

which metrics to use. Evaluation is the systematic determination of merit and significance

of something using criteria against a set of standards [127]. Evaluating the effectiveness of

new information retrieval systems and their components before implementation is a critical

aspect of IIR research. The evaluation aims to assess the quality of the obtained outcomes,

and the specific study designs and effectiveness measures vary depending on the research

domain and problems. Different IIR evaluation techniques are used based on the nature of

the retrieved results and quality measurement. When evaluating task-based IIR models, the

ultimate goal is to determine the subjective or objective benefits for task performance [25].

Ingwersen [115] defined IR evaluation as nested frameworks of IR context, seeking context,

work-task context, and socio-organizational and cultural contexts (Figure 2.12).
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Figure 2.12: A nested evaluation framework by Ingwersen and Järvelin [113].

Evaluation criteria vary across different contexts. Various mechanisms for evaluation

have been mentioned in the existing literature, including assessing model performance with

gold-standard datasets or ground truth labeled data, conducting user studies, employing

alternative evaluation techniques, and utilizing TREC Tracks 5 that are relevant to the

problem. The test-collection approach is commonly used to gauge the quality and efficiency of

retrieved results, employing metrics such as Recall, Precision, Mean Average Precision (MAP)

[77], Discounted Cumulative Gain (DCG), and Normalized DCG [221]. A test collection

consists of a database of documents that can be retrieved, a group of test questions or topics

that represent information needs, and a recall base that identifies relevant documents within

the database. Test-collection-based experiments do not involve direct participation from

searchers. On the other hand, user-centered evaluations involve task-based studies where

human searchers interact with a given IR system within a controlled task context. The

5https://trec.nist.gov/tracks.html
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IIR communities also use TREC Tracks 6 for evaluation purposes, including the Session

Track and Task Track. These tracks contain curated search log data from various topics

and subject domains that have been manually annotated with relevance scores by expert

assessors. Researchers can use these datasets to validate their predictive models and compare

their performance with similar models. In a laboratory setting, such datasets can be used

to evaluate the usability and users’ satisfaction under controlled conditions in the seeking

context.

To evaluate the performance of a model using a gold-standard dataset, finding or develop-

ing ground truth data is crucial. For instance, Lucchese [179] created a ground truth dataset

by partitioning long-term sampled session data from actual query logs using a predefined

time threshold and identifying distinct time-gap sessions. Within each time-gap session,

human annotators manually grouped queries related to tasks. This dataset and evaluation

metrics, such as F-measure, Pairwise Precision, or Recall, provide options for evaluating a

task prediction model. Analyses of logs, longitudinal task-based evaluations [277], and evalu-

ations based on interaction simulation [13] are becoming more prevalent today. Furthermore,

a few studies have utilized experimental design to investigate the relationship between task

performance and information searching (e.g., [298]).

A valuable way to evaluate is through user studies. Researchers can obtain feedback from

people through platforms like Amazon Mechanical Turk to confirm the accuracy, usefulness,

and relevance of predicted tasks. They can also gather sub-task labels for a selection of

randomly assigned queries. As noted by [201], there are some alternate evaluation techniques,

such as analyzing predicted task categories using qualitative methods. Kelly [137] categorized

the IIR evaluation methods (Figure 2.13) into eight types, which can be grouped into three

broad categories: an evaluation based on test-collections with no human interaction, user-

centered laboratory-based evaluations, and user-centered operational evaluations in natural

6https://trec.nist.gov/data.html
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Figure 2.13: IR evaluation methods by Kelly [137]

settings.

Chapter Summary

• In this dissertation, the literature review provides context for tasks related to

seeking, searching, and analyzing information at different levels and in various

aspects.

• The review covers both static and dynamic properties of tasks, including search

process models.

• The review summarizes recent research on complex search tasks and discusses the

analysis of search behavior, including commonly used constructs such as tactics,

strategies, and paths and the associated measures.
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Part II

METHODOLOGY AND MODELING

In the second part of the thesis, we introduce the task representation model that provides

a more realistic, conceptual model of the task-based information searching process. We also

detail a series of user studies and experiments we conduct as part of our general methodology.
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Chapter 3

METHODOLOGY OVERVIEW

This dissertation uses a mixed-method design [79] to take advantage of both quantitative

and qualitative research approaches and develop a comprehensive study design. In a mixed-

methods design, multiple research approaches are employed to collect and analyze data,

bringing complementary perspectives to the research design and data collection and analysis.

After considering the need for qualitative and quantitative research designs, data collection,

and analysis procedures (sequential, concurrent, or transformative) for the dissertation, we

have decided to use the explanatory sequential mixed method design in multiple research

phases [79].

3.0.1 Research and Overview of the Procedure

Figure 4.1 presents a general overview of the research procedure.

3.1 The Role of the Researcher

Our roles and involvement as researchers are different at each for each study. First, we

are “outside observers attempting to discover a law of relationships among observable fea-

tures” [262] instead of directly involved in the research procedure. Thus, we primarily focus

on administering a survey and a controlled user study, collecting data, and performing data

analyses to investigate the characteristics of variables and the relationships between these

variables. Later, we actively analyze large search log datasets to extract and model tasks.

We are mindful of the biases in those datasets and algorithmic approaches and take nec-

essary caution while making assumptions. We are involved in “a sustained and intensive
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Figure 3.1: The outline of the research procedure.

experience with participants” [79], and also focus on “discovering the meanings constructed

by the participants as they attempt to make sense of the circumstances they both encounter

and create” [262].

3.2 Research Permission and Ethical Issues

Ethical issues have been considered at each step of this dissertation. In order to work with

human participants, the research plans were reviewed by the Institutional Review Board

(IRB) for approval. To protect participants’ rights during data collection, an informed

consent form was developed and presented to them before engaging in the study [79]. The

information collected for this dissertation includes personal or identifiable data such as the

participants’ names, email addresses (for communication purposes), and audio transcripts of

interviews. However, no questions or data analysis solicited personal or potentially harmful

information. This personally identifiable information was kept confidential. Moreover, we
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removed identifiable information before performing any data analysis step. Each participant

has a random identifier assigned to them that has been used to analyze and report the data

associated with them.

Chapter Summary

• The dissertation uses a mixed-methodology based approach to address four re-

search questions.

• Ethical issues have been considered at each phase of this dissertation.
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Chapter 4

RESEARCH QUESTION 1: STUDY 1: A HOLISTIC NOTION OF
TASK

The task is a crucial aspect of information seeking and searching processes, traditionally

considered the initial phase of an individual’s behaviors when seeking/searching for informa-

tion. However, extracting task information from users can be challenging due to its elusive

and often hidden nature. One approach to gain insights into how individuals perceive and

express tasks is to observe their seeking and searching behaviors, focusing on their situated

performative actions.

4.1 Introduction

Various behaviors and concepts are involved in information seeking tasks, including the

recognition of an information need, the selection of information type, and the identification of

information sources. In supporting users in complex search tasks [87], four essential elements

for designing task-based intelligent systems can be identified. These elements include (1)

representations of users’ tasks, which refer to how users express their tasks and how systems

comprehend and interpret them; (2) information, which pertains to the units of information

retrieved in response to users’ information needs; (3) representation or form of information,

such as documents or web pages; and (4) interaction, which encompasses the structuring

and presentation of information to users, as well as how users interact with the system

and the retrieved information. These elements collectively aim to facilitate the exploration,

sense-making, and acquisition of knowledge.

Only a few studies have taken a holistic approach to the seeking process, focusing pri-
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marily on specific elements (e.g., [47, 114, 275, 278]). Historically, most studies have either

concentrated on one component or explored only a few aspects of a single element, neglecting

the utilization of multiple sources and channels within a single information seeking process

[147]. However, individuals tend to select their information strategy and sources based on

the information needs associated with a particular task [241]. Therefore, an information

seeking task process involves interconnected constructs, encompassing why people seek in-

formation, what information they seek, where and how they seek it, and which sources and

channels they utilize. Therefore, it is a holistic process [256]. However, information seekers

do not make decisions about why, how, what, and where to seek information by considering

these constructs in isolation. Instead, information seeking is a holistic process where seekers

make decisions influenced by all possible constructs and various dimensions of each construct

[257]. Individuals develop and adapt their information-seeking strategies based on continu-

ally shifting values across several dimensions. These dimensions collectively form the users’

cognitive focus, particularly in Chapter 6.

As an initial step towards task-based intelligent search assistance and to gain further

insight into the role played by the constructs mentioned above in people’s general informa-

tion seeking strategies, the first study of this dissertation research involves conducting an

exploratory study that examines the interactions among various aspects of the information

seeking process.

In the first user study (Study 1) of this dissertation, we adopt a novel methodological

perspective rooted in previous task-based studies on information interaction and Dervin’s

Sense-Making theory [84, 85, 83]. This study decomposes the information seeking task

process into components such as information needs, sources, methods of accessing sources,

representation of information (e.g., knowledge), and the interpretation or form of those

representations (e.g., fact, advice, opinion). Our main objective is to explore how different

tasks elicit specific information needs, which in turn influence the methods, strategies, and
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sources individuals employ when seeking different types of information.

Therefore, to address the high-level question posed in Chapter ??, the following local

research question guided our study design, data collection, and analysis techniques.

RQ1. How different types of tasks trigger specific information needs that

can lead to different methods and strategies for seeking different forms of

information and information sources?

RQ1.1: What is the relationship between information forms, information

needs, information sources, and how are the sources accessed for tasks?

4.2 Study 1: Method

In order to comprehend the correlations between diverse information needs, forms of informa-

tion, and information sources, an exploratory survey is carried out to investigate individuals’

information seeking behavior in their daily lives on Amazon Mechanical Turk 1. The survey

is designed to explore how different types of tasks can elicit various information needs, which

are triggered by fundamental human needs such as social, emotional, and cognitive aspects.

These information needs, in turn, may result in different approaches to seeking information

from a variety of sources. Thus, an exploratory user study is conducted to delve into this

matter. In essence, by obtaining answers to the “what” question (regarding the nature and

form of information) and the “why” question (regarding the information need), this study

aims to predict the response to the “where” question (concerning the information source)

within the information seeking process.

1https://www.mturk.com/
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4.2.1 Survey Design

The survey participants were asked to imagine a situation where their decision-making

or actions were significantly influenced by their process of searching for information [132,

66, 313, 215]. The survey comprised 15 distinct information scenarios, each representing

a specific information requirement and the corresponding type of information needed to

fulfill that requirement. Drawing on the categorizations presented in prior works such as

[132, 66, 313, 215], the information needs were classified into four categories: cognitive,

personal, social, and affective. Cognitive needs involve finding relevant information within

one’s immediate surroundings, society, and the world; seeking advice or opinions to aid

decision-making; acquiring self-education knowledge; and gaining a sense of security through

knowledge. Personal integrative needs entail finding support for one’s own values, gain-

ing insights into one’s own life, and empathizing with others’ problems. Social integrative

needs include feeling a sense of belonging, establishing a basis for conversation and social

interaction, and fostering a connection with other people. Affective needs encompass seeking

social and emotional support for personal issues, seeking such support for others (e.g., family

and friends), and searching for validation of personal thoughts or ideas. In accordance with

theories proposed by Marchionini [190], Buckland [39], and Rulke [232], information repre-

sentation was categorized into three types: object, knowledge, and social or sensory stimuli

contextual. Additionally, the study drew on various forms of information from Shah et al.

[255], which were consolidated into four broad categories: advice, opinion, fact, and social or

emotional support. By combining these different aspects, a total of 15 unique combinations

were obtained, resulting in the creation of 15 distinct scenarios. Figure 4.1 presents and

outline of the survey scenario development process.
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Figure 4.1: The outline of the survey scenario development procedure.

Developing Scenario

The 15 task scenarios encompassed various combinations of three dimensions, representing

different aspects of information seeking: information needs and information itself. These

scenarios were constructed based on Borlund’s concept of simulated task scenarios, as men-

tioned in [32]. Borlund emphasized the importance of realism in these scenarios, ensuring

they reflected participants’ real-life situations. To achieve this, we derived the scenarios from

ordinary everyday life situations.

Each scenario presented two sets of information sources. The first set consisted of hu-

man or interpersonal sources and the methods to access them. The second set included

all impersonal sources, encompassing online and offline information retrieval systems. The

methods to access these sources were implied in their names, hence not explicitly mentioned.

The assignment of scenarios to participants did not follow any specific order. A detailed

description of each of the 15 scenarios is provided in the following section.

To ensure the study’s validity and account for the participants’ background influence
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on their responses, we deliberately decided not to collect demographic or personal data

from the participants. The aim was to understand source preferences in a general context,

independent of specific contextual factors. However, the lack of demographic information

and the artificiality of the task scenarios, coupled with the unknown demographics and actual

information needs of the MTurk workers who participated, might raise questions about the

survey responses’ contextual relevance. To address these concerns, we sought the expertise

of two researchers specializing in interactive information seeking and retrieval. These experts

were consulted during the scenario creation process to ensure that each scenario accurately

represented cognitive needs, personal needs, social, affect-driven needs, and various forms of

information. Additionally, we conducted rigorous pilot surveys and evaluations involving five

participants from diverse backgrounds. This iterative process allowed us to gather feedback

on scenario descriptions, language, and the participants’ ability to relate to the task described

in each scenario.

Scenarios for the Survey

Scenario 1: Cognitive need, Informative object, Fact Suppose you and your friend went

to the grocery store together to buy produce. You are discussing the attributes of different

vegetables and fruits; taste, nutrition, etc. Your friend is explaining that the skin of “Red

Delicious” apples is thinner than the skin of “Granny Smith” apples. You are not fully

convinced of this and you want to find out whether it is true. Where and how do you look

for information?

Scenario 2: Cognitive need, Knowledge, Fat Suppose you are just about to start your

first semester. You have decided to buy a new laptop instead of taking your 5-year-old

computer to the college. There are different types of laptops with various specifications and

you cannot decide which laptop you would buy a Mac or Windows? Would you prefer a 4

GB Ram or an 8 GB Ram? You have decided to look for some facts on how to compare
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different laptops. Where and how do you look for information?

Scenario 3: Cognitive need, Knowledge, Opinion As a student, suppose you have to

create a poster presentation for your social science class. You have done presentations with

PowerPoint but have never presented with a poster. Since this is your first poster, you are

most concerned about how such a document should look. You want to find some opinions

concerning the best ways to organize a poster layout so that you are prepared to create your

project. Where and how do you look for information?

Scenario 4: Cognitive need, Knowledge, Advice This summer, you are traveling to Aus-

tralia. You have never been there before and there are many tourist attractions you would

like to visit. Therefore, you want information to help you plan your journey. You have set

aside one month for the trip and hope to see as much of the country as you can. As you are

unfamiliar with the territory, you would like to know about the places before going there.

Where and how do you look for information?

Scenario 5: Personal need, Social or Sensory stimuli, Social or emotional support Sup-

pose you have a -3.0 power in both eyes and you wear eyeglasses regularly. In your recent

visit to your ophthalmologist, your doctor prescribed contact lenses for clearer vision. You

have never used contact lenses before, so you would like to know about overall experience of

wearing them - are they easy to wear or painful? Based on your findings you would like to

decide whether to wear the lenses. Where and how do you look for information?

Scenario 6: Personal need, Social or Sensory stimuli, Fact Suppose you recently read a

book on health, genetic disorders, and diet, and it has influenced the way you think about

your health and lifestyle. You have learned that there are some diseases like cancer or diabetes

can be caused by the combination of mutations of inherited genes, lifestyle choices, and your

environment. Many rare diseases and conditions usually develop when an individual is born

with a mutated gene. After reading the book, you want to know if a rare disease or common

health conditions run in your family so that you can make precautionary changes in your
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existing diet or lifestyle. Where and how do you look for information?

Scenario 7: Personal need, Knowledge, Opinion You have followed the news and debate

about legalizing marijuana in certain US states. In your personal opinion, alcohol and

cigarette smoking are much more dangerous than marijuana.Now you are curious to know

how others feel about this issue. Where and how do you look for information?

Scenario 8: Personal need, Knowledge, Fact Suppose your father is returning home

tomorrow from the hospital after a prolonged illness. Tomorrow also happens to be his 60th

birthday. On this special occasion, you want to make your grandmother’s old chicken broth

recipe to surprise your father.However, you do not know the recipe and you need to find it

out. Where and how do you look for information?

Scenario 9: Social need, Knowledge, Fact You will be attending asocial gathering this

evening. It is a birthday party for a friend being held at a local restaurant. You do not

know many of the guests in attendance. You thought you could facilitate conversations with

new people if you were up-to-date on some recent topics of interest. You have decided to

look into a wide expanse of events since you do not know the other guests’ interests and

backgrounds. Where and how do you look for information?

Scenario 10: Social need, Social or Sensory stimuli, Social or emotional support Your

cousin, a senior in college, said that one of her friends started to smoke. You fear your cousin

might begin smoking in the near future and decide to educate her about the risks, so you

have to find some information on what could happen if she starts smoking. Where and how

do you look for information?

Scenario 11: Affective need, Informative object, Social or emotional support Imagine

your family members are out of town for a family wedding in California. You were unable

to go because of a work commitment. It is now a few days since they have gone and you are

missing them very much, especially when you are at home all alone. You are feeling very

sad and in order to feel better you would like to find something to cheer you up. Where and
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how do you look for it?

Scenario 12: Social need, Social or sensory stimuli, Advice A friend of yours has an

appointment to get a flu shot tomorrow, but she has a cold. She is debating whether to

keep her appointment. She asked for your advice. You would like to help her by finding out

what is generally recommended for people in her situation. Where and how do you look for

information?

Scenario 13: Affective need, Knowledge, opinion Suppose you have inherited a large sum

of money left by your recently deceased uncle. You are not sure about what to do with this

money. You are considering investing it in the stock market as a bond or corporate stocks.

However, you are unaware of stock market trends and lack the knowledge required to make

a sound judgment on what to do with your inheritance. You would like to find information

to help you pick the best type of financial instrument for the investment. Where and how

do you look for information?

Scenario 14: Affective need, Knowledge, Fact After graduating as a veterinary doctor,

you are just about to start a career in the veterinary industry. You are concerned about how

to work towards your retirement.Therefore, you want to know what you should expect from

your industry. Where and how do you look for information?

Scenario 15: Affective need, Knowledge, Social or sensory stimuli Your best friend is

getting married and asked you to be in their wedding party. You have been friends since the

5th grade. You feel touched, excited, and also a little stressed. You have to plan the shower

and bachelor(ette) and you want them to both be great and memorable for your friend.

You have no prior experience and no idea where to begin. Therefore, you need information

on how to become a perfect head of the wedding party. Where and how do you look for

information?
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4.2.2 Data Collection

As mentioned above, we conducted the survey was conducted on Amazon’s Mechanical Turk

(MTurk), which allows individuals or businesses to post intelligent human tasks for users from

around the world. The demographically diverse participants on MTurk have been found

to provide reliable and high-quality data, similar to other conventional survey collection

methods such as standard Internet samples and typical American college samples [40, 177].

Since this study was exploratory in nature, we decided that using the participant pool on

MTurk was an excellent choice due to its accessibility and size. To ensure the data collected

was reliable and high-quality, we took several measures, such as recruiting expert partic-

ipants, offering better compensation rates, and keeping the tasks manageable. Moreover,

we also included attention-check questions throughout the survey to assess the participants’

attentiveness and the randomness of their responses.

We collected responses from 114 MTurk workers who were at least 18 years old and

from the USA. The workers were presented with a 30-minute questionnaire with 15 scenarios

where they had to choose the information sources and search methods from an exhaustive

list. Participants could select any source from either impersonal or interpersonal categories

for each scenario. Every participant completed all 15 scenarios. Typically, most respondents

took 15 to 30 minutes to finish the survey. We downloaded and quantitatively analyzed the

recorded responses, resulting in a final dataset comprising participants’ source selections in

1,710 scenarios.

4.3 Data Analysis

The research employs an exploratory approach to examine the survey responses (refer to Ta-

bles 4.3 and 4.1). The descriptive statistics indicate that most respondents chose to utilize

a search engine for scenarios 1, 2, 3, and 4. The second-largest group of participants con-

sulted with individuals, primarily friends and professionals. Most respondents preferred in-



78

terpersonal sources over impersonal ones regarding scenarios centered around personal needs,

factual information, opinions, and social support (scenarios 5, 6, 7, and 8). In scenario 5,

friends and search engines were equally popular choices (80 and 83 times, respectively). At

the same time, family members were preferred in scenarios 6 and 8, and friends in scenario

7. Specifically, participants selected family members 87 times, friends 76 times, and family

members again 111 times for scenarios 6, 7, and 8, respectively. The second most popular

choice for these three scenarios was the search engine, selected 59, 69, and 43 times, re-

spectively. Interestingly, there was a significant gap between these scenarios’ most popular

and second-most popular source choices. Most respondents consulted impersonal sources in

socially-driven scenarios (9, 10, and 12). The popular choices for these scenarios included

consulting friends (scenario 9), searching directly on professional websites, reading newspa-

pers and news-media sites, and pre-posted entries on social media. For scenarios based on

affective needs (11, 13, 14, and 15), respondents predominantly favored impersonal sources,

particularly web searches, except for scenario 11, where interpersonal sources (friends) were

preferred over other options. It is worth noting that a combination of impersonal and inter-

personal sources was also observed, such as pre-posted entries on social media and colleagues,

among others. Analyzing people’s preferences for accessing interpersonal sources revealed

an apparent inclination towards direct face-to-face conversations with familiar sources like

friends and family members. Conversely, when seeking assistance from strangers (e.g., cus-

tomer services, dealers), individuals often preferred indirect communication methods such as

writing messages or posting online (see Table 4.2).

4.4 Implications and Discussion

Through the data analysis, specific patterns in information needs, sources, and methods have

been identified. Some of these patterns are novel, while others support existing research.

First, The increasing popularity of online sources, particularly pre-posted entries on social
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Table 4.1: Participant’s Use of Impersonal Sources

Scenario Book
Offline

Catalog

News-

paper

Any

Object

E-

copies

Online

Data-

base

Google

Scholar

Online

Catalog

Social media Pre-

posted

Forum

Entries

Websites
News

media

sites

Search

Engine

TV

channels
Radio

1 10 3 2 0 12 16 11 4 15 5 2 92 0 0

2 0 6 7 0 7 15 4 1 32 35 1 92 0 0

3 13 2 1 6 11 8 5 3 24 14 1 86 0 0

4 18 4 8 8 3 9 0 2 47 59 7 97 0 1

5 3 1 3 2 4 2 1 0 51 17 4 83 0 0

6 5 2 4 5 16 7 6 4 15 20 2 59 0 0

7 3 1 11 1 10 1 4 1 67 8 26 69 3 2

8 13 2 1 7 3 2 0 2 10 4 0 43 0 0

9 1 0 31 3 4 2 0 1 38 3 67 59 25 6

10 10 0 11 5 36 5 10 0 25 29 13 84 1 0

11 6 0 6 1 1 1 1 0 26 5 5 39 31 4

12 1 2 3 4 16 3 5 1 20 34 7 98 0 0

13 10 2 9 2 11 2 2 0 29 56 13 77 2 0

14 4 1 7 1 11 9 1 0 37 44 3 90 0 0

15 11 2 14 1 1 2 0 0 68 16 3 100 2 0

Total
108

(6.32%)

28

(1.64%)

118

(6.78%)

46

(2.69%)

146

(8.54%)

84

(4.91%)

50

(2.92%)

19

(1.11%)

504

(29.47%)

349

(20.42%)

154

(9.01%)

1168

(68.30%)

64

(3.74%)

13

(0.76%)

Table 4.2: Participant’s Use of Channels to access Interpersonal Sources

Methods Friend Family Colleague Stranger

Face to Face

Phone

Texting

Online Chatting

Email

Posting on online forums

Mail/Letter

282

108

132

59

15

9

0

253

184

97

18

16

4

0

144

15

22

4

18

5

0

98

22

2

25

10

144

0
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Table 4.3: Participant’s Use of Interpersonal Sources

Scenario Friend Family Colleague Stranger

1 23 20 2 26

2 60 33 21 31

3 50 18 48 11

4 28 24 5 33

5 80 54 21 20

6 9 87 2 13

7 76 42 21 18

8 3 111 0 2

9 49 17 10 10

10 17 19 2 18

11 84 37 2 2

12 19 16 5 27

13 23 32 15 47

14 12 8 48 29

15 72 54 6 14

Total
605

(35.38%)

572

(33.45%)

208

(12.16%)

301

(17.60%)
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media and online forums for engaging with strangers, highlights the evolving nature of human

information-seeking behavior. A growing preference for online sources indicates a rise in

collective and collaborative information seeking. Second, participants commonly relied on

both friends and family as their primary sources of information. However, they also used all

four types of interpersonal sources in every scenario, except in scenario 8, where “family” was

the only choice. However, their utilization of impersonal sources was limited to a few types,

such as web search engines, pre-posted entries on social media, professional websites, online

news media sites, electronic copies of journals and magazines, as well as newspapers and

books/manuals. Third, while participants were required to choose at least one source, the

majority preferred to use multiple impersonal and interpersonal sources across all scenarios.

This suggests that individuals generally prefer not to rely on a single method or source when

seeking information. When searching for information, people usually use different sources in

a circular process rather than a linear one. However, when it comes to finding a family recipe,

people usually rely on personal connections to obtain the information they need. This was

the case for the task of finding a grandmother’s chicken broth recipe, where interpersonal

sources were exclusively used. Fourth, although web search engines are favored due to their

accessibility and ability to provide a vast amount of information quickly, the study reveals

that people also rely on other sources depending on their specific information needs. The

choice of using a book, newspaper, or other physical sources is determined by the nature

of the required information. Thus, the motivations and expectations of users significantly

influence their selection of information sources.

This study has found that people choose their information sources and strategies based

on their specific needs for a particular task. This aligns with previous studies (e.g., [241,

286, 242]) that show individuals rely on others for critical activities and seek assistance or

opinions. The study also highlights that people prefer multiple sources, both impersonal

and interpersonal. The findings emphasize the importance of learning in the information-
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seeking process and offer practical design considerations for facilitating users’ interaction

with information.

Despite increasing interest in this task-based IIR, there is still a lack of task-based search

and intelligent assistance. This study aims to bridge this gap by adopting a holistic perspec-

tive on the information seeking process, connecting individualized and social search processes

with the searcher’s context and task.

Chapter Summary

• The study’s overall objective is exploratory and to observe information seeking

based on the previously identified four aspects of information seeking behavior

and various dimensions of them.

• The study explores how different types of information and information needs may

lead to different sources and channels of seeking information.

• Popularity of online sources indicates a shift towards collective and collaborative

information seeking behavior.

• Individuals prefer to use multiple sources, both impersonal and interpersonal,

indicating a non-linear and repetitive information seeking process.

• Individuals often select sources based on the task characteristics and their spe-

cific needs (interpersonal for personal/intimate scenarios, impersonal for cognitive

needs).

• Individual motivations and expectations behind tasks significantly influence the

choice of information sources.
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• When people decide to use a particular source, their decisions are heavily influ-

enced by the type of information they are looking for and the kind of information

needs they have.
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Chapter 5

RESEARCH QUESTION 2: STUDY 2: CHARACTERIZE TASK,
POTENTIAL SEARCH PROBLEMS AND SOLUTIONS

In the previous chapter 4, we have examined components of information seeking and

searching processes that define users’ seeking/searching tasks. However, past empirical

works show that users often fail to achieve their intended goal at the end of their search

processes [285]. Moreover, existing IIR studies have shown that individuals frequently face

difficulties seeking information (e.g., [246]). These include internal barriers (e.g., lack of

knowledge, unable to articulate and express the need) [28], external barriers (e.g., time con-

straint, institutional restrictions) [246], and interpersonal barriers (e.g., lack of help from

other people) [266]. Therefore, encountering and solving problems are also parts of users’

journey toward task completion.

5.1 Introduction

In this second study, we explore users’ perceived obstacles and desired assistance at different

stages of information searching. We analyze a range of implicit and explicit user search be-

haviors to gain a deeper understanding of the task as a comprehensive entity. Consequently,

we can concentrate on representing a user’s undisclosed task objectives in relation to those

explicit behavioral cues. Our approach involves soliciting explicit feedback from information

seekers regarding the barriers or difficulties they encounter and the assistance they seek at

that particular moment. We assume a strong correlation between their task state and these

two aspects of information seeking [82, 85, 17, 128, 72]. With this in mind, we investigate

the following research questions (RQs) in connection to the overarching research question
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RQ2 presented in Chapter 1, which establishes a link between the study of behavioral signals

and problems and assistance.

RQ2 What problem(s) do searchers encounter while performing a specific

task, and the type(s) of help do they prefer to get from the system?

RQ2.1: To what extent can the problems or barriers perceived by an indi-

vidual in different stages of information search be predicted from different

search behaviors?

RQ2.2: To what extent can the best help for an individual be predicted

from the search behaviors and the perceived barriers/problems at a given

moment in the information search process?

RQ.2.3 What problem(s) users encounter while performing a specific task

type?

RQ.2.4 What type(s) of help they prefer to get from the system to resolve

those problems?

RQ.2.5 What is the distribution of problems and preferred help across tasks

of different types?

To address these research questions, we explore various characteristics of tasks, infor-

mation seekers’ implicit behaviors, and explicit feedback in the course of online information

search episodes, including the problem(s) they face and suggestions for help(s) to address

solutions to the potential difficulties in finding information.
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5.2 Study 2: Methodology

We devised a controlled laboratory-based user study within a research university setting,

employing a mixed-method approach. The study involved participants who were instructed

to undertake three search tasks. In addition to completing the tasks, participants were

prompted to document any challenges they encountered at different stages of the search

process and express their requirements for assistance at those particular moments. The

subsequent subsections outline the vital elements of the study procedure.

5.2.1 Participants

We recruited 37 participants from a United States research university’s undergraduate stu-

dent population by advertising on email lists, Facebook groups, and around campus. Par-

ticipants registered online and were compensated with $20 in cash once they completed the

study. The participants had diverse educational backgrounds, ranging from History and

Arts to Computer Science, Psychology, Public Health, and more, and their ages ranged from

18 to 22 years, with an average age of 20.2. 70% of the participants were female, and all

were native English speakers. Additionally, most participants reported over ten years of web

search experience.

5.2.2 Search Task Scenarios

During their sessions in the laboratory, participants engaged in a sequence of three tasks.

The sequence began with a warm-up task, followed by task 1 and task 2 in that specific

order. Detailed descriptions of each task are provided below. Before undertaking each task,

participants were required to complete a pre-task questionnaire regarding their familiarity

with the upcoming task. Each task had a designated time limit of 5 minutes, 20 minutes,

and 20 minutes respectively. However, participants were permitted to finish earlier if they

desired. The tasks involved bookmarking web pages and generating reports based on their
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findings. The warm-up task served the additional purpose of acquainting participants with

the system and the laboratory environment.

Our task design incorporated the manipulation of complexity level, task goal, and task

product, drawing inspiration from the task classification scheme proposed by Li and Belkin

[156]. We recognized that several characteristics identified by Li and Belkin [156] were

implied in our task design. Given the nature of search scenarios and the study’s design, it

was crucial for the tasks to be performed individually (“Task doer” facet), possess uniqueness

(“Time-Frequency” facet), be externally assigned (“Source of task” facet), and be completed

within a short duration (“Time-Length” facet). Furthermore, we carefully selected task

product, goal, and objective task complexity elements. As discussed in the previous section,

we also included questions regarding participants’ perception of task difficulty [29, 156, 301].

Additionally, the tasks encompassed different information needs, and these binary labels were

utilized for subsequent task-based analysis. We tailored the tasks to ensure that the task

situations were relevant and realistic for the study participants, particularly for the specific

group involved (i.e., undergraduate students), based on the simulated work tasks of [33].

Here are the task descriptions:

Warm-up Task [Complexity = Moderate; Need = Cognitive; Product = Intellectual;

Goal = Amorphous] (5 min): You need to write a class report on HIV/AIDS treatments

in Africa. For this, you need to answer a central question: what are the current available

treatments of HIV/AIDS in China, Germany, USA, and Uganda?

Task 1 [Complexity = High; Need = Cognitive; Product = Intellectual; Goal = Amor-

phous] (20 min): Lara Dutta of India was crowned Miss Universe in 2000, and between

1994 and 2000 women from India won two Miss Universe competitions, four Miss World

competitions, and many less well-known competitions. These facts inspired you to explore

the relationship between these wins and the Indian government’s decisions and policies in

your final paper for Indian Society class. To what extent can decisions and policies of the
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Indian government be credited with these wins? As a part of your final paper, please offer

your brief answer to this question and identify the useful pages (from the bookmarked pages)

which were actually used for constructing your answer.

Task 2 [Complexity = Low; Need = Social; Product = Intellectual; Goal = Amorphous]

(20 min): You will be attending a social gathering this evening. It is a birthday party for

your sister (a high school student) being held at a local restaurant. You do not know many of

your sister’s friends in attendance. You thought you could facilitate conversations with new

friends if you were up-to-date on some recent topics of interest. You have decided to look into

a wide expanse of topics and events (especially the topics you are not familiar with) based

on your estimation of the other guests’ interests, preferences and backgrounds. To be fully

prepared, please create a list of interesting up-to-date topics/events (no less than 5 different

topics). For each topic, please identify the useful web pages (from the bookmarked pages) and

a very brief explanation for why you choose this as a potential topic suitable for your sister’s

birthday-party conversations.

5.2.3 Study Design and Data Collection

During the study, we collected the following information from the participants.

User Characteristics and States of Knowledge

Participants had to complete three search tasks. Before and after each task, every participant

was requested to complete a questionnaire to gather their knowledge and skills about the

task, including task dimensions and requirements like time and task type. Before searching,

we asked participants about their knowledge of the task features in a pre-task questionnaire.

After completing the task, we asked for feedback on their overall experience and their level

of understanding of the task in a post-task questionnaire. Another important aspect is users’

perceived difficulty of the search task. Understanding a task can affect users’ search process
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and interactions with the system [29]. We also asked about their perception of each task’s

complexity. Therefore, the questions concerning task difficulty were adapted from [301].

Information Seeking Barriers and Help

At the beginning of each query segment, participants were given a questionnaire and in-

structed to open a new tab whenever they wanted to formulate a new query. Opening a new

tab (Google search home page) triggered a pop-up window with a problem-help question-

naire, automatically presented by the browser. In this questionnaire, participants were asked

to report the problems they had just encountered and specify the types of help they would

like to have in a real-time search scenario. This design allowed us to gather information

about real-time search problems and preferred forms of assistance before users constructed

specific queries. To ensure valuable and accurate responses regarding problems and helps,

we adapted relevant questions and concepts from previous research [287, 248, 67, 305]. The

pop-up window included a list of problem and help questions, which can be found in Ta-

bles 5.1-5.2. By combining and consolidating various problems and helps identified in the

studies, as mentioned earlier, we defined eight problem types and four help types that shed

light on the problems encountered, strategies used, and patterns of interactions employed to

overcome these difficulties. It is important to note that the problems and preferred helps

defined in the typologies are not mutually exclusive, allowing participants to select multi-

ple options if applicable. However, if they indicated ”no problem encountered” or ”no help

needed,” they could not select any other option simultaneously, as those options were not

applicable in such situations. The order of options for all questions presented in the pop-up

windows was randomized to mitigate potential ordering effects.
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Question:What problems are you facing at this moment? Se-

lect all that apply.

- (DIF) I do not know how to express my need in search

queries.

- (IRR) I see a lot of not good or useless results.

- (TOP) I do not know enough about the topic.

- (PAT) I am feeling impatient.

- (CRE) I do not know if I can trust the information that I

am seeing.

- (AWA) I may not know all the good or useful sources of

information.

- (TMI) There is just too much information.

- (AVA) What I am looking for does not seem to be available.

- (None) No problem encountered.

Table 5.1: The potential problems, and the possible responses. Acronyms in parentheses are

used in data analysis section.
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Question: What kind of things would help you at this moment?

Select all that apply.

- (Query) Recommendations by the system about useful

search queries.

- (Page) Recommendations by the system about potentially

useful web pages.

- (Strategy) Recommendations about useful search steps and

strategies.

- (People) Find me people who may be able to help.

- (Unsatisfied) I am not satisfied with any help from system,

therefore, I would like to talk to someone whom I know (e.g.,

family, friends, colleagues).

- No help needed.

Table 5.2: The potential helps, and the possible responses.
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Search Session Logs: Implicit and Explicit Behavioral Signals

We collected search logs for each task with several features regarding the tasks, users, and

behaviors described in Tables 5.4-5.5. The behaviors that participants exhibit right before

reporting a problem or seeking help can serve as indicators of their difficulty in finding

information at that time. For example, suppose a participant did not use bookmarks. In

that case, it may suggest that they encountered useless search results and would prefer web

pages with more helpful information. This segment of behavior is directly related to the

current search query and occurs during a specific time and space. Session-based features,

on the other hand, represent longer-term behavior patterns. Current behaviors that occur

after reporting a problem or seeking help may be a result of the issues encountered during

the search process.

Acronym Feature

CNB Number of bookmarks in current segment

CTES Time elapsed on SERPs in current query

CNCD Number of distinct content pages over entire

current query segment

CQL Query lengths in current segment

CNQNC Unique queries over current segment without

SERP clicks

Table 5.3: Behavioral features for the current query segment.

5.2.4 Study Procedure

Participants were invited to the lab, where they conducted web searches using Google Chrome

on a desktop computer that had the necessary applications installed. They were first pro-
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Acronym Feature

PNCD Number of distinct content pages over entire

previous query segment

PNB Number of bookmarks in previous segment

PTE Time elapsed from the previous query

PTES Time elapsed on SERPs in previous query

PQL Query lengths over entire previous segment

PNQNC Unique queries over previous segment with-

out SERP clicks

Table 5.4: Behavioral features collected for the past query segment.

Acronym Feature

STE Time elapsed in whole session

STES Time elapsed on SERPs in whole session

SNQD Distinct queries over session

SNQNC Distinct queries over session without SERP

clicks

SNCD Distinct content pages visited over session

SNCDPQ Distinct content pages visited over session

per unique query

SQLM Mean of query lengths produced over entire

session

SNB Number of bookmarks over entire session

Table 5.5: Behavioral features accumulated over the session.
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vided with a description of the study procedure, browser interface features, and a customized

Chrome extension. Subsequently, participants performed three search tasks, which involved

finding web information based on simulated task scenarios. Whenever they opened a new

tab to formulate a query, the Chrome extension provided the above problem-help question-

naire. Participants were asked to complete short questionnaires before and after each search

task, assessing their familiarity with the task, experience, perceived difficulty, and familiarity

with the topic. During the study sessions, various aspects of participants’ interactions, such

as web page visits, bookmarks, queries, and problem-help answers, were captured using a

custom Chrome extension and Morae 1. Once all the tasks were completed, participants’

sessions concluded with a brief semi-structured exit interview. The interview covered their

satisfaction with the search sessions, their evaluation of the search process, problems they

encountered, desired help, perceptions of their everyday search experiences, and their expec-

tations of an ideal information retrieval system’s performance. Each participant’s laboratory

session ranged from 50 to 80 minutes in total.

5.3 Data Analysis and Results

The data obtained from the user study underwent analysis utilizing descriptive and infer-

ential methods. We focused on the problem and help situations occurring during specific

task states, mainly when participants were about to create a query. We measured users’

cognitive focus or task state during individual query segments to facilitate implementation.

The problem-help situation was operationally defined as the occurrence when a user engaged

in an information searching task encountered an obstacle that hindered further progress.

Participants marked the identified problem(s) and desired help(s) in the questionnaire, for-

mulated a query, and the situation concluded when they proceeded to plan or reformulate

another query, moving forward in the search task. While the query segments were logged in

1https://www.techsmith.com/morae.html
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the system file, we manually ensured accurate identification of the boundaries for each unit

of analysis by carefully reviewing and coding the dataset. Following this cleaning process,

we conducted various analyses based on the problem/help annotations gathered from 273

query segments.

5.3.1 Descriptive Analysis

To examine the frequency of various problem-help scenarios, descriptive analyses were carried

out. The participants selected a total of 378 problems, with the most common issue being

the uncertainty about accessing comprehensive and valuable sources of information, which

occurred 82 times. When encountering problems during the search process, the participants

expressed a need for assistance, with a cumulative total of 253 instances. The preferred form

of assistance, indicated by 86 participants, was receiving recommendations from the system

regarding potentially helpful web pages.

The query reformulation strategies of participants and their associations with identified

problems and helps during a specific query segment were examined by annotating each query

according to the categories proposed by Rha et al. [226]: Generalization (1), Specialization

(2), Word Substitution (3), Repeat (4), New (5), Spelling Correction (6), and Stem Identical

(7). The most commonly employed reformulation type in our study was “New.” Participants

frequently created new queries using entirely new terms compared to their previous queries

[226]. The second most frequently utilized reformulation type was “Word Substitution,”

wherein participants often replaced a portion of the query with new terms while retain-

ing the length and some previous terms from the previous query. Notably, reformulation

patterns varied between tasks. In both tasks 1 and 2, participants employed “New” query

reformulations to initiate a new search. For task 1, they employed various types of formula-

tion multiple times. The distribution of query reformulation types for the entire sample is

depicted in Figures 5.1 and 5.2.
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Figure 5.1: Counts of query reformulations - (1) Generalization, (2) Specialization, (3) Word

Substitution, (4) Repeat, (5) New

Problem-Task Mapping

Figures 5.3, 5.4, 5.5 present the types of problems that participants selected for each task

type. From the analysis, it is clear that task types have influenced the problems that par-

ticipants experienced during the search process. From the figures, we can also see that task

complexity level increased their problems. Most participants noted multiple problems at a

given time, highlighting the necessity of understanding users’ constraints from the systems’

perspectives.

Help-Task Mapping

Similarly, Figures 5.6, 5.7, 5.8, which present the types of help that participants selected for

each task type and problem categories, show that users need different types of support to

address diverse problems that they encounter during search processes. Often they need to

consult human sources to gain information on their tasks. Although these findings are not
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Figure 5.2: Counts of query reformulations throughout in each task session - (1) General-

ization, (2) Specialization, (3) Word Substitution, (4) Repeat, (5) New for the warm-up (0),

Task 1 (1), Task (2)

entirely new and have been observed in previous studies (e.g., [287]), they emphasize the

limitations of query and document recommendations of current search and IR systems.

Task-Problem-Help Mapping

To examine the distribution of problems and preferred help across tasks of different types, we

created an adjacency matrix for task type, problems, and preferred help. Figures 5.9, 5.10,

5.11 present the task:problem:help matrix for three task types that resulted from the pre-

liminary examination of the data.

5.3.2 Inferential Analysis and Results

The next sub-sections provide the outcomes of the data analysis related to the research

inquiries proposed.
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Figure 5.3: Different types of problem combinations for task type 0 [Complexity = Moderate;

Need = Cognitive; Product = Intellectual; Goal = Amorphous].
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Figure 5.4: Different types of problem combinations for task type 1 [Complexity = High;

Need = Cognitive; Product = Intellectual; Goal = Amorphous].
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Figure 5.5: Different types of problem combinations for task type 2 [Complexity = Low;

Need = Social; Product = Intellectual; Goal = Amorphous].

Figure 5.6: Different types of help combinations for task type 0 [Complexity = Moderate;

Need = Cognitive; Product = Intellectual; Goal = Amorphous]..
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Figure 5.7: Different types of help combinations for task type 1 [Complexity = High; Need

= Cognitive; Product = Intellectual; Goal = Amorphous].

Figure 5.8: Different types of help combinations for task type 2 [Complexity = Low; Need

= Social; Product = Intellectual; Goal = Amorphous].
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Figure 5.9: Problem-Help categories for task type 0 [Complexity = Moderate; Need = Cog-

nitive; Product = Intellectual; Goal = Amorphous].
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Figure 5.10: Problem-Help categories for task type 1 [Complexity = High; Need = Cognitive;

Product = Intellectual; Goal = Amorphous].
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Figure 5.11: Problem-Help categories for task type 2 [Complexity = Low; Need = Social;

Product = Intellectual; Goal = Amorphous].
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Predicting perceived problem from search behaviors

To predict user-perceived problems from users’ search behavioral patterns, we used multiple

binomial logistic regressions for each anticipated problem reported by the participants in

stages of information seeking. We aggregated search behaviors into three segments: (i)

current, (ii) immediate past, and (iii) entire information search segment and associated

seeking behaviors. We defined the problem as a dichotomous variable with two options:

identified (1) or not identified (0). To investigate the relationship between identified problems

and various behavioral features from previous, current, and entire sessions, we used logistic

regression with the identified problem as the dependent variable and the behavioral features

as independent variables. The tables 5.6- 5.7 list the models’ outcomes and goodness of fit.

The statistically significant relations (p < .05, p < .01, p < .001) are marked with asterisks

on the Table 5.6.

Based on the results presented in Table 5.6, there is a statistically significant association

between the difficulty in expressing the current information need and various behavioral

measures. These measures include the time spent on SERPs in both previous and current

query segments, the number of distinct queries without clicks throughout the sessions, and

a negative relationship with the number of bookmarked web pages. This finding suggests

that participants’ engagement with the visualization of information sources provided by the

retrieval systems could lead to a cognitive need to express their thoughts concisely in order

to find more helpful information. The amount of time devoted to previous search results

may indicate challenges in converting needs into effective queries, encountering unhelpful

outcomes, and experiencing difficulties finding valuable sources during subsequent search

activities. These observations can be explained by the user’s struggle to locate the desired

information within the search results. Another possible explanation is that, due to a previous

query yielding numerous irrelevant web pages, the user decided to invest time in formulating

a query that could retrieve relevant information. Various characteristics of the previous
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Features DIF IRR TOP IMP CRE AWA TMI AVA None

Previous Segment Behavior Features

PNCD -0.11 -0.24 0.05 -0.05* 0.12 0.09 -0.15 -0.06 -0.03*

PNB -0.15 -0.17 -0.18 -0.19 -1.17* -0.16 -0.23 -0.72 0.28

PTE 0.00 -0.00 0.00 0.00 -0.00 0.00 0.00 0.00 0.00

PTES 0.02*** 0.01** -0.00 0.01* -0.00 0.00 0.00 0.01** -0.00

PQL -0.09 0.34*** 0.01 0.22* 0.16 0.00 0.10 0.16 -0.18*

PNQNC 0.23 -0.00 -0.71 -0.46 -0.23 -0.02 -1.73** -0.39 0.46

Current Segment Behavior Features

CNB -0.22 -0.01 -0.23 -0.19 -1.33* -0.22 -0.30 -0.12 0.23*

CTES 0.02*** 0.01** 0.00 0.00 0.009 0.01* 0.00 0.02** -0.00

CNCD -0.21 -0.39 -0.19 -0.10 -0.17 -0.11 0.07 -0.62 0.16

CQL -0.10 0.18* 0.02 0.12 -0.00 -0.07 0.05 0.12 -0.02

CNQNC -0.07 -0.33 -0.74 -0.69 -0.53 0.06 0.03 -1.05 0.10

Session Behaviors Features

STE 0.00 -0.00 0.00 0.00 0.00 0.00 -0.00 -0.00 0.003*

STES 0.00 0.009*** 0.00 0.00 0.00 0.00 0.00 0.01*** -0.00

SNQD -0.13 0.10 -0.14 0.21 0.19 -0.28 0.34 0.21 -0.20

SNQNC 0.60** 0.04 -0.23 -0.15 0.07 0.33 -0.66* -0.04 -0.14

SNCD -0.10 -0.27* -0.01 -0.08 -0.09 0.04 0.08 -0.16 0.02

SNCDPQ 0.00 0.02* -0.01 0.00 0.01 0.00 -0.00 0.01 -0.01

SQLM -0.01 0.01* 0.00 0.01* 0.00 -0.00 0.01 0.01 -0.00

SNB -0.23* 0.00 -0.04 -0.15 -0.79** -0.08 -0.34* -0.28* 0.10

Table 5.6: Coefficients and significance values for each variable in each regression (Signifi-

cance: *=.05,**=.01, ***=.001) [242]
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Features df DIF IRR TOP PAT CRE AWA TMI AVA None

Prev 6 18.07** 36.11** 7.79 20.16** 12.01 4.3 15.59* 24.79** 17.29**

Curr 5 19.82** 21.32** 8.17 7.23 14.07* 10.93 3.37 16.00** 8.17

Session 8 36.37** 35.90** 12.49 26.60** 20.86** 13.68 26.22** 34.81** 15.20

Table 5.7: Logistic Regression: Goodness of Fit (χ2 scores. Significance: *=.05,**=.01,

***=.001).

task state, including the number of distinct content pages, unique queries, query length,

and the number of bookmarks, can predict the subsequent perception of barriers in users’

minds, such as perceiving unsatisfactory results, impatience, skepticism towards the displayed

information, information overload, and unavailability of the desired information.

Furthermore, significant positive associations exist between the problem of not finding

useful results and users’ dwell time on SERPs in previous, current, and entire sessions.

Additionally, this problem is associated with longer query length in previous and current

search segments, retrieving more distinct web pages per query, and a negative association

with the number of distinct content pages retrieved throughout the sessions. These results

indicate that when participants did not find relevant information in previous search results

or perceived a lack of information from the system, they invested extra time and effort in

formulating queries to retrieve more helpful information. The results also reveal a negative

relationship between impatience and receiving different content pages in the query segment,

suggesting that as the search session progresses. Participants do not encounter unique con-

tent in previous segments, increasing their impatience in search interaction. Participants

who had difficulty expressing a query, encountered many irrelevant results, or needed to

be made aware of good information sources tended to spend significantly more time brows-

ing subsequent SERPs. Moreover, if participants distrusted information, they bookmarked
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significantly fewer pages in the subsequent segment (Table 5.6). Conversely, when partici-

pants encountered no problems, they bookmarked more content pages in subsequent query

segments.

Surprisingly, at the session level, no browsing behavior feature (prior or current) was

significantly associated with a perceived lack of topic knowledge or not knowing all the good

or useful sources. These perceptions were more closely related to the prior context of the

session. They remained relatively stable throughout the middle of a single search session

(Table 5.6). Nonetheless, difficulty in expressing one’s information need, encountering many

useful or irrelevant results, and being unable to find available information were associated

with changes in all three measured components. This suggests that problems are not only

influenced by immediate segment strategies (e.g., no clicks on SERPs) but also emerge from

users’ recognition of general patterns in their search behavior over the session (e.g., few

bookmarks) (Table 5.6). Furthermore, the perception and recognition of problems can lead

to significant changes in web search behavior, such as increased time spent on future SERPs

(Table 5.6). The goodness of fit of the models reported in Table 5.7 indicates the overall

statistical significance of the models. It demonstrates the extent to which the predicted and

observed frequencies closely match each other, with a better fit indicating a closer match.

The table shows that the models predicting perceived problems related to query articulation,

useless and irrelevant information, and unavailability of information can significantly out-

perform random chance based on users’ previous, current, and session behaviors. Moreover,

behaviors in earlier search sessions and throughout the entire session are better predictors

of the lack of patience and the problem of excessive information (Table 5.6).

Observing current search behaviors makes it possible to infer the presence of these prob-

lems, such as difficulty in expressing needs through search queries, encountering unsatis-

factory results, doubt regarding the trustworthiness of the information displayed, limited

awareness of reliable sources, and unavailability of desired information. The study also sug-
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gests that these perceived problems arise not only from immediate search strategies (e.g.,

lack of clicks on search engine result pages) but also from users’ overall perception and

recognition of patterns in their search behavior throughout the session (e.g., limited use of

bookmarks). Such perceived problems in search can lead to notable changes in user behavior

during subsequent query segments, including increased time spent on future search engine

result pages.

Predicting helps from behaviors and problems

The perceived problems of a searcher are closely related to the assistance they believe is

most suitable for addressing their information needs [242]. We conducted a classification to

investigate the connection between a person’s perceived problem and their perceived help. We

annotated query segments with problems and corresponding help. Our analysis focused on

determining which aspects of a searcher’s session contributed most to accurately classifying

their perceived best help at any given moment. We employed a simple logistic regression

classifier, splitting the data into 80% for training and 20% for testing. We compared its

performance to three simple baselines: a random baseline, a most frequent labeling baseline

(constantly labeling a problem as absent), and a baseline that always labels a problem as

present. Tables 5.8-5.11 provide an overview of the results.

In general, the characteristics of a search influence the perceived assistance at a given

moment. However, accuracy scores might suggest otherwise. Naive baselines, such as the

most frequent labeler, often exhibit comparable or significantly higher accuracy, indicating

that the selected behaviors may not predict perceived assistance. This phenomenon arises

due to the imbalanced nature of the problem, as a single perceived help occurrence is not

dominant during sessions. Precision scores, on the other hand, indicate the ability of a

classifier to identify when a person requires assistance correctly. The number of problems

and the combined browsing features can determine if no assistance is needed. In contrast,
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Features No Help Page People Query Strategy Unsatisfactory

Previous Segment 0.53 0.64 0.78 0.67 0.72 0.94

Session 0.61 0.69 0.78 0.67 0.75 0.97**

Problems 0.75** 0.61 0.75 0.72 0.69 0.92

All 0.75** 0.61 0.75 0.78 0.67 0.94

MFreq 0.61 0.72** 0.78 0.78 0.81** 0.92

Random 0.53 0.5 0.61 0.61 0.64 0.92

Always-Yes 0.39 0.28 0.22 0.22 0.19 0.08

Table 5.8: Accuracy scores for predicting the currently reported help using previous query

segment features, session features, the currently reported problem, and all features combined.

Features No Help Page People Query Strategy Unsatisfactory

Previous Segment 0 0.33 0.5** 0.3 0.2 0.67

Session 0.5 0.46** 0.5** 0.25 0.42** 1**

Problems 0.78** 0.33 0.33 0.42 0.25 0

All 0.78** 0.33 0.33 0.5** 0.27 0.67

MFreq 0 0 0 0 0 0

Random 0.33 0.1 0 0.2 0.2 0.5

Always-Yes 0.39 0.28 0.22 0.22 0.19 0.08

Table 5.9: Precision scores for predicting the currently reported help using previous query

segment features, session features, the currently reported problem, and all features combined.
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Features No Help Page People Query Strategy Unsatisfactory

Previous Segment 0 0.3 0.12 0.38 0.14 0.67

Session 0.21 0.6 0.12 0.25 0.71 0.67

Problems 0.5 0.4 0.12 0.62 0.29 0

All 0.5 0.4 0.12 0.75 0.43 0.67

MFreq 0 0 0 0 0 0

Random 0.21 0.1 0 0.25 0.29 0.67

Always-Yes 1** 1** 1** 1** 1** 1**

Table 5.10: Recall scores for predicting the currently reported help using previous query

segment features, session features, the currently reported problem, and all features combined.

Features No Help Page People Query Strategy Unsatisfactory

Previous Segment 0 0.32 0.2 0.33 0.17 0.67

Session 0.3 0.52** 0.2 0.25 0.53** 0.8**

Problems 0.61** 0.36 0.18 0.5 0.27 0

All 0.61** 0.36 0.18 0.6** 0.33 0.67

MFreq 0 0 0 0 0 0

Random 0.26 0.1 0 0.22 0.24 0.57

Always-Yes 0.56 0.43 0.36** 0.36 0.33 0.15

Table 5.11: F1 scores for predicting the currently reported help using previous query segment

features, session features, the currently reported problem, and all features combined.
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session features can identify when a page provides the desired help. Moreover, the previous

segment or the session itself can indicate if a person is the desired help, and all the features

combined can determine if a query is the desired help. Evaluating the entire prior session can

ascertain whether a strategy is the desired help and dissatisfaction with the search system

can be inferred from the entire session. The F1 scores provide further validation of these

precision scores.

5.4 Discussion and Implications

This study investigates the interconnection between users’ implicit and explicit search behav-

iors, perceived constraints and barriers encountered during online information search, and

preferred methods of assistance to overcome these barriers at various stages of the search

process. The data analysis reveals several interesting observations, some of which align with

existing studies and common knowledge. In contrast, others provide nuanced insights into

the barriers individuals face during different search stages, their recognition of information

needs, preferred forms of help, and search behaviors.

The findings of this study demonstrate statistically significant associations between indi-

viduals’ perceived problems and their preferred forms of assistance during the search process,

and these relationships can be elucidated through users’ search behaviors. Thus, predict-

ing users’ perceived problems at different stages of the information search process becomes

possible by mapping their implicit and explicit search behaviors.

Moreover, the study aims to develop a comprehensive and quantifiable understanding of

users’ cognitive focus state at any given moment by conceptual mapping and empirically

measuring these three aspects within the information search process. The results indicate

that combining information on perceived problems requested assistance, and search behaviors

at a specific moment; it is feasible to infer users’ momentary cognitive focus of attention. For

instance, if a user realizes a lack of trust in the retrieved information and requests more useful
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pages while simultaneously decreasing the number of bookmarked pages, these actions could

indicate a need for more relevant information. Additionally, this study provides insights

into the relationships among task type, problem type, and preferred forms of assistance

(Figures 5.9, 5.10, 5.11), which will be valuable for further conceptualizing and formalizing

the task representation model.

Chapter Summary

• The study explores the connection between users’ implicit and ex-

plicit searching behaviors, perceived constraints and barriers dur-

ing online information search, and preferred help to overcome those

barriers.

• Statistically significant associations are found between users’ per-

ceived problems and preferred helps, which can be explained

through search behaviors.

• Different clusters of search behaviors can indicate struggling users

at various stages of the search process.

• Features of the previous task state, such as distinct content pages,

unique queries, query length, and number of bookmarks, can pre-

dict users’ perception of barriers in their search process.

• Users’ perceptions of problems can arise from both immediate

search strategies and general patterns of their search behavior

throughout the session, leading to significant behavioral changes

in future query segments.
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• Desired help at a given task state is not solely determined by per-

ceived problems but is influenced by the strategies employed over

the entire search session.

• Combining perceived problems, help, and search behaviors allows

for inferring users’ momentary cognitive focus of attention during

the search process.
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Chapter 6

RESEARCH QUESTION 3: STUDY 3: CHARACTERIZE TO
CONSTRUCT UNIFIED TASK REPRESENTATIONS

A complex search task is an interactive process that often consists of multiple search

sequences or stages of users’ iterative interactions with a search system and the retrieved

information objects (e.g., defining the problem, selecting the source, executing a query, ex-

amining retrieving results [189]). Also, it is a series of transitions from one task state to

another state as represented by searchers’ iterative explorations to find solutions for the

problematic situations behind the task [212].

By utilizing knowledge gained from Chapter 4 and Chapter 5, we can conceptualize a

holistic picture of complex search tasks as reflections of patterns of task intentions [171],

behavioral actions in search session segments [108], task strategies, problems and helps and

other aspects of search interactions. To operationalize, we then build a context-agnostic

representation of the task (at a granular level) that can be transferable to any search context

and any level – macro to micro (such as task levels described in [258]) in Chapter 7.

6.1 A Holistic Notion of Task: Conceptualize Users’ Cognitive Focus or Task State

The user’s cognitive focus during the information search process is a dynamic state of mind

that evolves over time and can be observed through their observable physical and cognitive

activities, such as the problems they encounter and the assistance they require to understand

and address those problems [173, 242]. This cognitive focus represents the perceived gaps in

the user’s knowledge and understanding, which continuously change as they progress through

the information seeking process.
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When users face a problematic situation without sufficient knowledge to resolve it, their

motivation behind intention or information need may be ill-defined, hindering their progress

in the search process and requiring additional support. As users advance through the process,

their focus of attention evolves, and they develop a clearer understanding of their needs,

leading to changes in their judgments of information based on their increasing knowledge

and comprehension of the problem [239, 147, 145, 305].

Variations in humans’ cognitive focus states, influenced by socio-cultural contexts and

situations, result in different motivations for information needs, strategies, local task goals,

and challenges. To map users’ cognitive focus of attention or task states at different stages

of the information search process, we draw upon theoretical and methodological works, in-

cluding Dervin’s sense-making approach, which emphasizes the situation-gap-use framework

[83, 84, 225, 128]. This mapping identifies various situations that create information needs

or ”gaps” [128] based on users’ perceived problems or barriers in expressing their needs and

seeking information, as well as the preferred assistance they seek to address the problem. It

also considers users’ actions, such as formulating queries and selecting retrieved documents.

When faced with a gap in the information search process, users engage in reflective thinking

about potential problems and strategies to bridge the gap.

Although some argue that the cognitive focus of attention cannot be concretely measured

or directly observed due to its subjective nature, this dissertation asserts that it is a task state

that is consciously experienced and immediately recognizable, making it possible to observe

and measure through users’ expressible physical and cognitive activities, including their

tactics, strategies, actions, problems, and the assistance they seek while seeking information.

Searchers’ cognitive focus states are often implicit in their interactions with systems, as

evidenced by their queries, browsing behavior, dwell time, clicks, and mouse movements [242,

173, 2, 172, 52, 73]. Therefore, analyzing search behavioral patterns can provide insights into

the latent cognitive processes underlying users’ information seeking activities. For example,
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in an exploratory search session (presented in Figure 6.1), a searcher wanted to “learn about

Swahili dishes and how to cook them” [57]. In the first query iteration, the searcher’s

expressed goal was broad, and they clicked several results. However, after gaining some

knowledge of the task during the first and second query iterations and checking several

result pages, the searcher’s visceral state of information need became more specific, which

was prominent in the third query. During the search episode, we can observe that the

searcher’s intent shifted from “swahili dish” to “swahili food” and ended with ” “Swahili

recipe.” In other words, the searcher’s cognitive state shifts from exploring and exploiting

the problem space.

6.2 Task States

We have introduced a concept called the “cognitive focus” or “task state” to gain a com-

prehensive understanding of task [243]. This concept encompasses both the cognitive and

behavioral aspects of complex tasks, enabling us to model the transitions between different

task states as a complex search process. At a detailed level, a complex search task can

be seen as a sequence of momentary cognitive focuses or task states. Each cognitive focus

state is characterized by the user’s local task motivation, the encountered problem, and the

preferred help [243]. Users also employ a set of tactics or strategies to accomplish the task

[108]. For instance, a task state could be represented as “SA-IO-SR” (Seeking advice - Infor-

mation overload - Source recommendation), which can be reflected in the actions taken by

users [243]. Our model builds upon Liu’s previous work [170], presenting an improvement

over their model. Figure 6.2 visually represents users’ cognitive focus or task state. For

example, based on the task-problem-help mapping described in Chapter 5, a task state can

be a combination of the motivation to find specific information, encountering the problem

of information overload, preferring source recommendation for help, and performing actions

such as clicking on documents.
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Overarching information need/task behind the search session:
“A friend from Kenya is visiting you and you'd like to surprise him with by cooking a 
traditional Swahili dish. You want to learn about Swahili dishes and how to cook 
them.”

“cooking a 
traditional Swahili 

dish”

query1

…
result1 result2

behaviors1

ranked list of results d1

click no click
dwell time dwell time

“cooking Swahili 
food”

query2

…
result1 result2

behaviors2

ranked list of results d2

click no click
dwell time dwell time

“Swahili recipe”

query3

…
result1 result2

behaviors3

ranked list of results d3

click no click
dwell time dwell time

User Search System

Query Segment 1

Query Segment 3

Query Segment 2

Figure 6.1: An example search session which shows multiple query segments from TREC

Session Track 2014.
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Figure 6.2: A Holistic Task Model based on users’ motivation state [171], problem-help

state [242] and strategies [108] [108].

6.3 Preparing Ground-Truth Data: Query Log Annotation Study: Identify Task States

To determine task states, we employed the search query log collected from the lab study

conducted with 37 participants in Study 2 (for detailed information, refer to Chapter 5)

and the task-problem-help mapping [173]. To ensure accuracy, we randomly selected 10% of

search sessions from each task type and assigned two assessors to annotate the task state for

each query segment independently. These annotations were based on the task states defined

using the above-mentioned formula. The process consisted of two phases, and after each

phase, the assessors resolved any discrepancies through discussions. We obtained 768 task

states with these assessments by considering all aspects and distinct options.

For the remaining dataset, we employed the PAM clustering analysis technique on the lab

study data to extract potential task states [133]. PAM is an unsupervised learning method

that identifies a sequence of centrally located medoids within data clusters. It achieves this
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Figure 6.3: Visualization of the four from multiple task state clusters, predicted via PAM

analysis of the behavioral features. We used t-Distributed stochastic neighbor embedding

(t-SNE) to project the behavioral features onto a 2-dimensional space.

by minimizing the average dissimilarity between each data point and its closest selected

data point. The optimal number of task clusters was determined using silhouette analysis.

Figure 6.3 illustrates four task state clusters obtained from the behavioral features in a low-

dimensional space. While imperfect, the clusters exhibit visible separation, confirming their

relevance.
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In the clustering analysis, information seeking motivations, in-situ problems, and needed

help types were considered separate elements within the vectors representing unique task

states. We validated the task state clusters by comparing them with output from two inde-

pendent human assessors who manually annotated the state labels. After that, To measure

the validity of task state labels, we computed three Cohen’s Kappa coefficients, between (i)

the two annotators, (ii) the annotator A and the clustering algorithm, and (iii) the annotator

B and the clustering algorithm. Cohen’s Kappa agreement between all three pairs of algo-

rithmic and human annotations was above 70%. 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.

6.3.1 Predicting Task States from User Behaviors

Our study used behavioral signals to conduct a small predictive analysis of task states. We

developed multiple classifiers based on different user behavioral signals to achieve this. These

classifiers were trained and evaluated using an 80/20 split on training and testing data. We

compared their performance against two baseline models: 1) a random baseline and 2) a most

frequent labeling baseline. The accuracy scores for the prediction analysis can be found in

Table 6.1.

The behavioral features considered in our analysis include various aspects of search be-

havior. These features encompass the following: query behavior, such as query length and

query reformulation type; browsing behavior, including the number of clicks and the number

of content pages visited; dwell time (second), which consists of the mean dwell time on each

SERP, the mean dwell time on each content page, and the total dwell time on content pages;

and usefulness judgment, represented by the number of bookmarks. Using these fundamental

measures, we constructed three types of feature sets for predicting task states: 1) behav-

ioral measures within the current query segment associated with the target task state, 2)
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session-level behavioral measures prior to the current query segment, and 3) a combination

of the first and second sets. The session-level behavioral measures were computed as the

average values of the behavioral measures for the corresponding session before the current

query segment.

The results presented in Table 6.1 demonstrate that the top-performing classifiers signifi-

cantly outperform the corresponding baseline models regarding overall accuracy in predicting

task states. Constructing classifiers solely using behavioral data from the current query seg-

ment consistently yields better results than the baseline models. However, the best outcomes

are achieved by combining the session-level data from previous query segments with the data

from the current segment. These findings highlight the predictive potential of search behav-

ioral signals in capturing dynamic task states, which subsequently led to the development of

our unified task representation model discussed in Chapter 7.

Chapter Summary

• Our task state conceptualization covers both the active, motivational, and unan-

ticipated situational dimensions of task states.

• We analyzed task states and observable behaviors by using clustering algorithms

to extract task states from annotation data. We then verified the state labels

through manual annotations and assessments.

• Intelligent search systems can detect task states in real-time and use this infor-

mation to assist users in completing tasks more effectively.
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Table 6.1: Accuracy score of task state prediction. Note: Significant values indicate whether

the predictor is significantly better than the best baseline (*:p<.05, **:p<.01). The best

performers are boldfaced.

Classifier Cur-

rent

seg.

Prev.

session

All

data

Support Vec-

tor Machine

0.467 0.485 0.483

Random For-

est

0.689** 0.693** 0.692**

K-nearest

Neighbors

0.634** 0.620** 0.611**

Most Fre-

quent

0.454 0.454 0.454

Random 0.442 0.442 0.442
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Chapter 7

RESEARCH QUESTION: STUDY 3: A UNIFIED TASK
REPRESENTATION

In this chapter, we tackle the fundamental issue of task representation by proposing a

graph-based approach to model task embedding. Our method considers users’ task states

during the search process and is applicable to a wide range of search and retrieval scenarios,

regardless of the search modes and modalities employed. A key innovation of our approach

is the task-context representation learning, which allows the system to uncover hidden task

information from constrained search behaviors.

7.1 Introduction

Drawing on existing research, we propose an alternative approach to representing tasks that

captures the relationships between diverse entities, including user actions and information

artifacts (such as queries and documents). One viable solution for achieving this lies in

using a graph-based structure. However, the challenge lies in transforming a conceptual

representation into a practical implementation. In light of this, we introduce a task em-

bedding technique called Heterogeneous Graph Neural Network (HGNN), which enables an

understanding of task states by capturing users’ search processes and evolving search situa-

tions. This involves encoding users’ query segments into an HGNN-based task embedding,

incorporating semantic, temporal, and other behavioral information derived from user and

system interactions. We capture the users’ task states by measuring the networked relation

between the vector representations of users’ search activities, queries, and documents. Our

main contribution lies in operationalizing the task model, which encodes the structure of



125

search episodes and relevant contextual information into low-dimensional feature vectors.

These vectors can then be leveraged by statistical modeling techniques, enabling the imple-

mentation of effective training and modeling approaches for search and retrieval systems. To

evaluate the quality of the extracted task representations and the effectiveness of our task

extraction methodology, we conduct experimental, quantitative evaluations, as described in

Chapters 9 and 10.

7.2 Problem Formulation and Task Embedding Model

According to [209], empirical research indicates that knowledge graphs and graphical mod-

eling are particularly effective in capturing the characteristics of search tasks. Therefore,

in this study, we visualize the interaction between users and the system by representing a

user-system interaction log as a complex network structure. This network includes infor-

mation on users, systems’ actions (such as query submission and clicks on documents), and

reactions (such as analysis, retrieval, and display of ranked information objects related to

users’ queries). In this network, users, queries, and documents are represented as vertices,

and clicks and dwell time serve as edges, similar to a social network. To create this network

graph representation of the search session, we specifically employ two graph neural network

models proposed by [272] and [96] 1.

Our model assumes that the progression of task states in query sequences depends on the

semantic information of the queries, search sessions, and corresponding search factors, such

as searchers’ interactions with the systems (e.g., search behavior patterns like the number

of queries, number of clicked results, click number per query, and time duration of query

sequences), as well as other session-specific features. In our approach, we first develop an

embedding model representing the search sessions as networked graphs. This graph-based

embedding module is described in Part I of our methodology. Part II introduces an automatic

1It should be noted that we have incorporated relevant aspects of these two models into our study. We
recommend referring to the original papers for more detailed descriptions.
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state detection module that categorizes training query segments into task state categories

based on their semantic and behavioral feature patterns. We evaluate our proposed method

on two search session datasets and compare its performance with two alternative task state

detection models. The experimental results demonstrate that our method outperforms the

alternatives by accurately identifying task states embedded in query logs and detecting only

task states.

7.2.1 Part I: HGE-GNN based Search Session and Query Segments Embeddings

In this section, we provide formal definitions of key terminologies pertinent to our application

of metapath-driven heterogeneous graph neural networks [272, 96]. Subsequently, we present

a comprehensive, step-by-step outline of the entire process.

Preliminary

Definition 1: Heterogeneous Graph

A heterogeneous graph of search session can be represented as G = (V , E) where V is the

set of node objects with a node type mapping function ϕ : V → A, and E is a set of edges

connecting the nodes in V : E ⊆ V × V with an edge type mapping function ψ : E → R. A

and R denotes the predefined sets of node types and edge types, respectively [230].

Definition 2. Metapath

Each node type is connected by one or multiple methapath instances. A metapath p is

defined as an ordered sequence A1
R1→ A2

R2→ ...
Rl→ Al+1, which describes a composite relation

R = R1 ◦R2 ◦ ...Rl between node types A1 and Al+1 [96].

Definition 3. Metapath-based Neighbor

Given a set of metapath P of a heterogeneous graph, the metapath-based neighbors N p
v of a

node v is defined as the set of nodes that connect with node v via metapath instances of P .
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A neighbor node connected by two different metapath instances is regarded as two different

nodes in N p
v .

Definition 4. Node Attributes

Each node type v has a number of attribute features {xv,∀vϵV} including textual content

(e.g., query text, item URL) and other search-system interaction signals (e.g., number of

clicks or dwell time) recorded in the search log.

Definition 5. Heterogeneous Graph Embedding

Given a heterogeneous graph G = (V , E), with node attribute matrices

XAi
ϵR|VAi

|×dAi for node types AiϵA, heterogeneous graph embedding is the task to learn the

d-dimensional node representations hvϵR
d for all vϵV that are able to capture rich structural

and semantic information involved in G [96].

For instance, let’s consider the heterogeneous search session graph depicted in Figure 7.1.

This graph encompasses three distinct types of nodes: task or sub-task topics, query segments

consisting of query-item pairs, and clicked items. By leveraging this graph, we can establish

connections between these nodes using a minimum of three metapaths. These metapaths

capture composite relationships among the topics, queries, and items. As an illustration, Item

1 serves as a metapath-based neighbor of Item 3, with their connection being established

through the metapath instance I-T-Q-I.

Model Architecture

To construct query segment embeddings for our task state prediction objective, we utilize the

metapath aggregated graph neural network framework for heterogeneous graph embedding

introduced by Fu et al. [96]. Following their approach, the graph construction comprises

three key components: node content transformation, intra-metapath aggregation, and inter-

metapath aggregation [96]. Figure 7.2 provides a simplified graphical representation of the



128

Task 
topic 1

Item 2

Query 2

Query 3

Query 1

Item 3

Item 1

Task 
topic 2

Task 
topic 1 Query 1 Item 1

Item 1 Task 
topic 2 Query 3

Item 1 Task 
topic 2 Query 3 Item 3

(a) (b)

Figure 7.1: An example of heterogeneous search session graph with three types of nodes (i.e.,

task topics, query, and clicked items) (a), and three different metapath instances (i.e., Topic-

Query-Item (T-Q-I), Item-Topic-Query (I-T-Q), Item-Topic-Query-Item (I-T-Q-I)) (b).

embedding process for an individual node.

Node Content and Attribute Transformation

Our initial objective is to represent node features of different types in a unified latent vector

space and learn d-dimensional node representations, denoted as hv ∈ Rd, for all nodes v ∈ V .

This allows us to capture both the structural and semantic information present in a search

session graph G [96]. To achieve this, we follow the approach presented in [272] and [96],

where our model applies node type-specific transformation techniques to embed the textual

content and other attributes of each node into a shared low-dimensional vector space. For a

node v ∈ VA of type A ∈ A, we have
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T1

I 2
Q 2

Q 3

Q 1

I 3

I 1

T2

Constructing search session graph Learning node content and features as low-dimensional vectors

representation

Type specific Linear Transform
ation

representation

representation

T1

I 2
Q 2

Q 3

Q 1

I 3

I 1

T2

Metapath instance encoder and aggregation

Node embeddings

Attention layer

Figure 7.2: A simplified example of step-by-step embedding for a single search session node.

h′
v ←WA · xA

v ,∀vϵVA (7.1)

where xv ∈ RdA represents the original feature vector of node v, and h′
v ∈ Rd′ denotes

the projected latent vector for node v. Additionally, WA ∈ Rd′×dA corresponds to the weight

matrix specific to nodes of type A. In our approach, we employ two types of linear trans-

formations for each node type v: attribute-specific embedding and text-based embedding.

These transformations facilitate the generation of rich contextual embeddings. Specifically,

the text-based embedding captures the underlying semantics of the text content associated

with a node. Following this operation, the projected features of all nodes share the same

dimension.
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Intra-metapath Aggregation

In order to capture the structural embedding of search sessions, such as the similarity be-

tween a node’s query and its neighboring query or item nodes, we employ the metapath

aggregation approach proposed by Fu et al. [96]. This approach allows us to quantify the

direct impact of one node type on other nodes within the graph. In this layer, using a given

metapath set P , we calculate the structural and semantic information embedded in meta-

path instances p(v, u) that connect a target node v, a metapath-based neighbor u ∈ Np
v ,

and the contextual information in between. To encode each metapath instance through

intra-metapath aggregation, we employ a linear MEAN encoder function. This function

computes the element-wise mean of all the node vectors along the metapath instance p(v, u)

and appends it into a single vector after applying a linear transformation.

hp(v,u) = Wp ·MEAN ({h′
t,∀tϵp(v, u)}) (7.2)

Next, we combine and embed all the extracted metapath instances into low-dimensional

vector representations for a given node v. As different metapath instances can have varying

degrees of influence on the representation of the target node, we calculate weights for each

metapath instance p related to the target node v using a graph attention layer [279]. To

achieve this, we learn a normalized importance weight αPvu for each metapath instance

p(v, u) connecting node v to node u, and then perform a weighted sum of all the instances.

Finally, the representations of the metapath instances on node v are passed through an

activation function σ(·). We employ K independent attention mechanisms and concatenate

their outputs, where [αPvu]k represents the normalized importance of metapath instance

p(v, u) to node v in the k-th attention head. In this step, given the projected feature vectors

h′
u ∈ Rd′ for all nodes u ∈ V and the set of metapaths PA = P1, P2, ..., PM starting or ending

with node type A ∈ A, the intra-metapath aggregation generatesM metapath-specific vector

representations of the target node v ∈ VA [96].
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Inter-metapath Aggregation

Following the aggregation of nodes and edges within each metapath, we proceed to combine

the semantic information revealed by all metapaths using an inter-metapath aggregation

layer. For a node type A, we obtain |VA| sets of latent vectors: hP1
v ,hP2

v , ...,hPM
v for v ∈

VA, where M represents the number of metapaths for type A. To perform inter-metapath

aggregation, we compute the element-wise mean of these node vectors while leveraging an

attention mechanism to assign different weights to different metapaths.

βPi
=
exp

(
qT

A ·
(

1
|VA|

∑
vϵVA

tanh
(
MA · hPi

v + bA

)))
∑

P ϵPA
exp(eP )

(7.3)

[hPA
v ]l ←

∑
P ϵPA

βP · [hP
v ]l,∀vϵVA (7.4)

where MAϵR
dm×d′ and bAϵR

dm are learnable parameters, and where qAϵR
dm is the pa-

rameterized attention vector for node type A. βPi
is the relative importance of metapath

Pi to type A’s nodes. Finally, the model employs an additional linear transformation with

a nonlinear function to project the node embeddings to the vector space with the desired

output dimension:

hi
v = σ

(
Wl

o ·
[
hPA

v

]l
)
,∀vϵVA,∀AϵA (7.5)

where σ(·) is an activation function, and WoϵR
do×d′ is a weight matrix [96]. Thus, we con-

catenate both content and metapath aggregated embeddings together to get the final vector

representation of a node. By following this approach, our model can effectively capture the

structural and textual content information from neighboring nodes as well as the metapath

context in between. This allows us to learn and concatenate diverse low-dimensional em-

beddings, ultimately generating a comprehensive representation vector for each node v ∈ V .

The overall forward propagation process is depicted in Algorithm 1.
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Algorithm 1: Steps in our Model [96]
Input: Graph G = (V , E)

Node types A = {A1, A2, ..., A|A|}

Metapaths P = {p1, p2, ..., p|P|}

Node features {xv,∀vϵV}

The number of attention heads K

The number of layers L

Result: The node embedding {zv,∀vϵV}

initialization;

for node type AϵA do

node content transformation (7.1) ;

end

for l = 1...L do

for node type AϵA do

for metapath PϵPA do

for vϵVA do
Calculate hl

P (v,u) for all uϵN P
v using the metapath instance encoder

function (7.2);

Combine extracted metapath instances (7.3) ;

end

end

Calculate the weight βP (7.4);

Fuse the embeddings from different metapaths (7.5) ;

end

Layer output projection ;

end

zv ← hL
v ,∀vϵV
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7.2.2 Part II: Task State Identification

Once the final node representations are generated, we can utilize them as input features for

inferential or predictive models to infer task states. The underlying assumption is that each

node and edge type corresponds to a specific task state. This allows us to extract task states

based on similar patterns observed in node representations. Since task state detection models

heavily depend on labeled data, we employ a combination of supervised and unsupervised

learning techniques to evaluate our graph-based embedding features.

We optimize the model weights for supervised learning by minimizing the cross-entropy

loss through back-propagation and gradient descent. This process enables us to learn mean-

ingful node embeddings for heterogeneous graphs [96]. The cross-entropy loss function for

semi-supervised learning is formulated as follows:

L = −
∑
vϵVL

C∑
c=1

yv[c] · loghv[c] (7.6)

where VL is the set of nodes that have labels, C is the number of classes.

7.3 Experiments

In this section, we present experiments to illustrate the efficacy of our proposed search session

embedding. The following research questions guide the experiments:

RQ3 What approaches can be employed to effectively represent and express

tasks in a manner that is search context agnostic?

RQ3.1 How do the graph-based embedding features perform in identifying

plausible task states?

RQ3.2 How do we understand the task state representation capability of

our HGE-GNN-based approach?
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7.3.1 Datasets

Apart from the ground-truth Study 2 search log data (Chapter 6) and the simulated search

session data (Chapter 8) both already labeled with task states, we also include two benchmark

IIR datasets to evaluate the performance of our proposed approach and compare it with

alternate task state detection models. The first dataset is the TREC-Session Track 2014

dataset [57], while the second dataset is a search session dataset collected by Liu et al. [174],

referred to as the KDD’19 dataset. Table 7.1 provides a summary of the two datasets.

The TREC 2014 Session Track dataset consists of 1,257 search sessions, with each session

containing 3,276 query segments and 10 relevant documents for each query. On the other

hand, the KDD User Study dataset comprises 450 search sessions and 1,548 query segments,

which are associated with 9 exploratory search tasks. From both datasets, we extracted

various search behavioral features at the session level as well as the query segment level.

These features include browsing behavior metrics (e.g., number of clicks, number of visited

content pages, dwell time), query-related features (e.g., query length, query reformulation

type, count of query terms, query similarity, presence of new and unique terms, query order),

and item-related features (e.g., number of items retrieved for each query, terms extracted

from item titles, snippets, and URLs, number of clicks on items). Additionally, we incorpo-

rated other contextual features derived from the data. The textual content associated with

queries and documents was represented as bag-of-words representations. Table 7.2 provides

an overview of some attribute features (behavioral measures in the current query segment

as well as throughout the session) that were extracted and utilized in the task state model-

ing. Following the same procedure mentioned in Chapter 6, we added task labels to these

datasets.
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Table 7.1: Summary of the datasets including nodes, edges, and some example metapath

instances defined in experiments

Dataset Node Edge Metapath

TREC’14

#user ses-

sions 1,257

Searcher searchers for a topic, Topic-Query-

Item,

#query seg-

ments 3276

Searcher submits a query, Searcher-Query-

Item,

#topics 62 Searcher clicking an item, Query-Query,

#items

32,760

searcher clicking an item under

a query,

Query-Item,

searcher clicking an item, under

a query and topic,

Query-Topic-

Query,

Query belongs to a topic, Item-Topic-Item

KDD’19

#user ses-

sions 450

Item belongs to a topic

#tasks 9

#query seg-

ments 1,548
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Table 7.2: Some of the features considered for the task state detection.

Notation Description

query attributes

query terms # unique terms in a query

query similarity similarity between current query and the previous query

query order the order of the current query within the search session

query reformulation type type of reformulation (e.g., new, partial matching)

query length # terms used in an issued query

query text content of the query

query tf-idf query text representation

query topic topic of the query

query-item attributes

item text title of the item

item tf-idf item representation

number of clicks number of clicks in query segment

number of items clicked number of items clicked

dwell time (second) total dwell time within the query segment

mean dwell time per result list average dwell time on result list

mean dwell time per item average dwell time on item

total dwell time on items total dwell time on item

action count total number of actions in query segment
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7.3.2 RQ3.1: Detecting Task States

To address RQ3.1, we tackle the task of predicting task states using both supervised and

unsupervised approaches.

Generating Graph-based Input Features

We created query segment embeddings for each dataset by leveraging the interactions be-

tween various node types. The nodes, edges, and example metapath instances used in the

experiments are summarized in Table 7.1. Additionally, Table 7.2 showcases some of the

search behavioral features employed in the HGN-GNN model during the node transforma-

tion stage to generate contextual representations of query segments. It is worth noting that

the availability of these features depends on the specific search scenarios and stages of search

sessions.

For training our graph embedding model, we followed the methodology described in [96].

We set the dropout rate to 0.5 and utilized the Adam optimizer with a learning rate of 0.005

and a weight decay of 0.001. The model was trained for 100 epochs, and early stopping with

a patience of 30 was applied. Moreover, we configured the model with 8 attention heads, a

dimension of 128 for the attention vector in inter-metapath aggregation, and an embedding

dimension of 64.

To assess the predictive performance of graph-based node representations for task state

prediction, we trained both supervised and unsupervised learning models on four datasets,

using the graph output features as inputs. The query segments were divided into training,

validation, and testing sets, with a split ratio of 60-20-20%, respectively.

Classification: Predicting task states

In our experiments, we employed a widely used classification model, Support Vector Ma-

chine (SVM), for classifying task states based on the generated embeddings of labeled query
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segment nodes. Specifically, we utilized a linear SVM classifier, where the embeddings were

used as input features to classify each query segment into one of the predefined task state

classes.

Clustering: Predicting task states

To explore unsupervised learning for task state prediction, we applied a clustering algorithm

based on Partition Around Medoids (PAM) [133]. This technique aims to cluster data points

by minimizing the average dissimilarity between each data point and its closest selected data

point (medoid). To determine the optimal number of task clusters, we employed silhouette

coefficients as a measure of cluster quality.

7.4 Results and Evaluation

We use Macro-F1 and Micro-F1 metrics to report our classification performance for eval-

uations. In addition, we use standard clustering evaluation metrics – normalized mutual

information (NMI) [196] and adjusted Rand index (ARI) [308] as the metrics to evaluate the

clustering performance. Finally, we report the averaged results in Table 7.3.

7.4.1 Baselines

There is currently no established large-scale state-of-the-art model for task state detection

in the field of IIR. Previous works have mainly explored basic machine-learning approaches

to predict search tasks. Therefore, as baselines for our experiments, we selected two previous

models that utilized basic behavioral features for classification and clustering tasks. The list

of baseline models is as follows:

• State prediction classification model using SVM [175].

• Unsupervised state clustering model using K-Modes [173].
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Table 7.3: Task State prediction (%).

Dataset Metrics
Unsupervised Semi-supervised

K-Modes HGN-GNN-

based PAM

SVM HGN-GNN-

based SVM

TREC’14 Macro-F1 – – 57.8 60.7

Micro-F1 – – 58.7 60.7

NMI 0.59 0.62 – –

ARI 0.54 0.68 – –

KDD’19

Macro-F1 – – 57.3 61.8

Micro-F1 – – 56.2 62.3

NMI 0.53 0.67 – –

ARI 0.57 0.65 – –

Study 2

Macro-F1 – – 47.3 49.9

Micro-F1 – – 50.4 51.3

NMI 0.43 0.43 – –

ARI 0.42 0.44 – –

Simulated

Macro-F1 – – 62.1 70.8

Micro-F1 – – 61.3 71.2

NMI 0.66 0.72 – –

ARI 0.68 0.75 – –
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The results presented in Table 7.3 indicate that our classification model consistently

outperforms the other baselines across different training algorithms and datasets. However,

the heterogeneous GNN-based embedding achieves even better performance, demonstrating

that the GNN architecture, which utilizes the heterogeneous node features, significantly

contributes to improved prediction performance. The performance gain obtained by our

model over the baseline SVM ranges from 3-5%, indicating that graph embedding contains

richer information than basic raw features.

We compared the task state clusters’ quality with the annotated ground truth data to

validate them. We employed two evaluation metrics, NMI (Normalized Mutual Information)

and ARI (Adjusted Rand Index), to assess the clustering performance. NMI measures the

mutual information between the ground truth labels and the labels predicted by the clustering

method, evaluating the clustering result quality. On the other hand, ARI measures the

agreement between the ground truth labels and the predicted labels, providing a similarity

measure on a scale of 0-1.

The NMI and ARI values in Table 7.3 demonstrate that our clustering model consistently

performs well in clustering task states. It can be observed that the traditional feature-based

models do not possess significant advantages over the metapath-driven heterogeneous graph

neural network embedding in clustering tasks.

7.4.2 RQ3.2 Ablation Study

To address RQ3.2 and evaluate the effectiveness of embedding features in task state detection,

we conducted additional experiments using two different sets of input features. The purpose

was to assess the impact of node embedding based on textual content and search behavior

signals separately.

We built three classifiers and three clustering models, resulting in a total of six models

for the TREC 2014 Session Track and Study 2 dataset. The models were trained using
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the following combinations of input features: textual content-based embedding (i.e., query

and item texts), search behavioral features-based embedding, and embeddings based on all

available textual content and behavioral attributes. The experiments were performed with

the same settings as before, except for the abovementioned differences.

The results obtained from these model variants are presented in Tables 7.4 and 7.5. It can

be observed that utilizing all features in node representations leads to significant performance

improvements in both classification and clustering models, compared to the text-based and

behavior-based embedding models, for both datasets. This finding highlights the importance

of incorporating node-type-specific attributes and content transformations to represent nodes

effectively. It also underscores the usefulness of capturing rich structural features of search

sessions through metapath instances and neighborhood node information.

Furthermore, the comparable performances of the textual features-based embedding mod-

els suggest that textual features strongly influence task state detection. This observation

suggests the potential benefits of applying task state detection at an early search stage, en-

abling applications such as state-aware task completion and proactive recommendation [175].

In addition to quantitative evaluations, we conducted a qualitative assessment by com-

paring the resulting clusters with the annotated state labels. The agreement between the

clustering algorithm and human annotations, measured by Cohen’s Kappa, was above 60%.

This reasonably high level of consensus indicates that the task state typology generated by

the metapath-driven heterogeneous embedding-based node clustering algorithm is reliable

and can be used for further analysis.

Thus, our task state detection model, which utilizes heterogeneous node embedding,

demonstrates significant performance improvements compared to equivalent models that do

not utilize embedding graph features. Moreover, the model built on all textual and struc-

tural features-based embedding outperforms the models based on behavioral features-only
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Table 7.4: task state prediction (%) in TREC’14 dataset.

Models
PAM SVM

NMI ARI Macro-F1 Micro-F1

All feature-based

HGE

0.62 0.68 60.7 60.7

Textual Content-

based HGE

0.67 0.61 59.1 59.3

Behavior Features-

based HGE

0.40 0.50 57.4 57.6

Table 7.5: task state prediction (%) in Study 2 dataset.

Models
PAM SVM

NMI ARI Macro-F1 Micro-F1

All features-based

HGE

0.67 0.65 61.8 62.3

Textual Content-

based HGE

0.64 0.62 55.7 52.1

Behavior Features-

based HGE

0.59 0.61 49.5 50.1
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embedding and textual content-only embedding in identifying task states. These findings

highlight the effectiveness of incorporating textual and structural features in the node em-

bedding process. Furthermore, the results indicate that it is possible to predict task states

by employing the textual content-based heterogeneous graph embedding alone. This finding

encourages further research, exploring the potential of leveraging textual content for task

state detection.

Overall, the combination of quantitative and qualitative assessments demonstrates the

effectiveness and reliability of the embedding features in detecting task states, as well as the

value of incorporating heterogeneous node embedding in the task state detection process.

7.5 Implications

The study focuses on the challenging problem of identifying searchers’ evolving task states

during the search process. Applying a heterogeneous graph embedding-based neural net-

works model, the study models web sessions as heterogeneous graphs of searcher-system

interactions.

However, there are some limitations and constraints to the study. The lack of task state-

labeled datasets prevented comparison with other existing work on task state detection.

Additionally, the human-annotated task state labels may contain biases, which should be

taken into consideration.

The identification of searchers’ evolving task states is crucial for developing adaptive

search and information retrieval systems that can support searchers throughout their tasks.

The proposed heterogeneous graph-based model provides a means to understand and explain

search behavior patterns in relation to tasks, search intents, and task states.
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Chapter Summary

• Searchers’ evolving focus of attention states can be influenced by multiple latent

factors during the search process.

• The study applies a heterogeneous graph embedding-based graph neural networks

model to represent web sessions and recognize task states that may shift during

a session.

• The model considers semantic information of queries and latent contextual factors

to interpret how searchers’ task states emerge and evolve.

• Evaluation of the proposed approach demonstrates the feasibility of automatically

extracting task states from search session behavioral variations.

• However, the study has limitations such as the lack of comparison with other task

state detection methods due to insufficient labeled datasets and the potential bias

in human-annotated task state labels.

• Identification of evolving task states is crucial for adaptive search and information

retrieval systems, providing support to searchers throughout their tasks.

• The study contributes to task-based information retrieval research by generating

new knowledge on the relationship between searcher’s task states, search sessions,

and task goals.

• Task state-based systems can lead to the development of intelligent and proactive

search and recommendation systems.
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• Understanding the searcher’s current task state is the first step towards achieving

these goals.
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Chapter 8

A SYNTHETIC SEARCH SESSION GENERATOR FOR TASK-AWARE
INFORMATION SEEKING AND RETRIEVAL

Prior to experimenting with our task representation model in search and recommen-

dation models, we first tackled the challenge of dealing with small datasets for large-scale

experimentations. To address this, we developed a simple workflow for synthetically gener-

ating search sessions with task state labels. This was done before addressing RQ4, and the

complete study can be found in [244].

8.1 Introduction

The development and evaluation of methods for accurately extracting task states and im-

plementing task-aware adaptive IIR systems or any IR systems on a large scale heavily rely

on extensive search history logs. However, obtaining a substantial amount of real-world

search-log data is challenging due to various factors such as ethical and privacy concerns. As

a result, the lack of publicly available session search behavior data labeled with task state

information often hinders the progress of research in exploring new directions for IIR. To

overcome this issue, one approach is to artificially generate a significant volume of synthetic

or simulated search session logs with task state information. In this study, we have developed

a robust, scalable, and user-friendly simulation model to mimic user actions and generate a

substantial amount of realistic synthetic web search sessions, specifically in a complex task

scenario, along with task state information. This synthetic data can then be utilized to

advance research efforts in task-based IIR systems and their evaluation.

Simulating user search behaviors poses a significant challenge in information retrieval,
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as evidenced by ongoing research in this field [48, 194, 193, 56, 197]. The complexity of

information searching behavior, which involves various types of interactions driven by differ-

ent motivations, contributes to the difficulty. Previous studies in user behavior simulation

within the IR domain have examined specific aspects of the search process, such as query

formulation and reformulation [12, 58], browsing and clicking on results [70, 88], as well as

session identification and abandonment decisions [194]. Additionally, some simulation stud-

ies have combined subsets of these user behaviors to simulate realistic user interactions and

search sessions [14, 11, 193, 310, 48].

Hence, our objective is to develop and empirically evaluate a robust and dependable

model for generating large-scale synthetic sessions with task states. Our simulation model

comprises multiple machine learning modules, each dedicated to modeling different aspects

of user behaviors. The following research questions guide our approach:

RQ1: Can we create complete synthetic user search sessions which mimic

the actual user search session behavior but require minimal human work-

load?

RQ2: Can users differentiate between model-generated and actual user

sessions?

8.2 Synthetic Search Session Generation Process

A user initiates the search process with a task and information needed. Therefore, an ideal

search session consists of a task, topic, a clear beginning point, one or multiple queries,

retrieved ranked result lists, users’ search interactions on result pages and viewed documents,

time spent on those documents, and users’ evolving task states [310]. Figure 8.1 shows a user’s

search sessions with various actions and decision points. Therefore, to simulate a complete

search session, we need to simulate all the aspects of the session. There are a few studies that
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also tried to simulate search session interactions. For example, [14] simulated user sessions

with various query modification strategies and created sessions with combinations of these

query modification and result scanning methods. In addition, [193, 192] proposed an open-

source toolkit, SimIIR, for conducting IIR experiments, which consists of several configurable

components such as query generation techniques and stopping strategies. Our approach

differs from existing session simulation models regarding session creation and evaluation of

the created search sessions. We develop an integrated workflow of several machine-learned

Figure 8.1: Overview of the Workflow of complete session generation process (for details, see

Section 8.2).

models to generate and reformulate queries, predict user click decisions, estimate dwell time,

identify task states, and make abandonment decisions. The scenario we address is inspired

by typical TREC Session [57] style search sessions where search topics are given as a textual

description of some information needed. Based on past studies, we define a search session as

a sequence of queries with the same task topic.
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8.2.1 Query Generation

Many studies aimed to generate search sessions with a sequence of queries with similar

intents. Existing studies have primarily used either static rule-based approaches [15, 280] or

language models based on topics, documents, and snippets [194] to generate queries. Based

on the studies which found that users tend to form queries in two or three words in textual

search [119], many query generation models (e.g., [193, 48]) simulate queries with three terms.

We use two different approaches to formulate queries in two different scenarios. As we do

not have enough search behavioral signals at the beginning of search sessions to generate

the first query to start a session, we utilize a language model [98] that leverages BERT

embeddings and cosine similarity to extract essential terms from available task information.

Also, we experiment with three to five-term-based query lengths. After generating the first

query, we use contents from users’ clicked documents in previous query segments along with

task descriptions to reformulate queries. We compute the maximum likelihood of terms with

terms that appear in task topic descriptions, queries, and retrieve documents in previous

search interactions [193].

8.2.2 SERP Scanning and Click Simulation

After retrieving documents that may be relevant to answering the information needs, we

perform click predictions on the result lists. To predict whether a user clicks on a docu-

ment from the retrieved document lists, some models consider past session history and all

retrieved documents for the current query [69, 184, 306]. There are many well-performing

click models [69]. We generate a user’s click on a result snippet using methods described

in [69]. The algorithm calculates the conditional probability of clicking on a document, using

query-document pair similarity (especially for the first query) and aggregating users’ search

behaviors on the result pages for a query (e.g., clicks, dwell times). We found that a depen-

dency model that uses features of all snippets in a results page is a better click model than
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one that uses only components of a target document and that using elements of the session

history improves precision.

8.2.3 Dwell Time Generation

We can calculate dwell time based on users’ spending time on each search action in the search

process. For example, the dwell time on a retrieved document starts with a user clicking

on the document listed on a retrieved result list and ends with returning to the result lists

or abandoning the search. Among other models of dwell time prediction, [282] adopted a

factorization model that captures the interaction between users and webpages to create a

model that predicts the dwell time of a user on a certain depth of a document. To simulate

dwell times at each search action, we extracted time distribution patterns from user sessions

from TREC Session Search 2014 [57] and reproduced the time distribution for the generated

sessions.

8.2.4 Session and Query Segment Length and Abandonment Prediction

Session abandonment has been studied extensively, such as search session satisfaction pre-

diction and session abandonment type prediction. However, users eventually abandon a

search process due to achieving their task goal(s), dissatisfaction with the results shown by

the search systems, or simply for the time constraint. For session length generation, we

use session, topic, and interaction features and SERPs: the title of a snippet, the text of a

snippet, and the URL, and fit them into a regression model to predict whether a session or

query segment was abandoned or not.

8.2.5 Task State Generation

A few models of user task states are available. [193] in their User State Model (USM) defines

task states as “the user’s cognitive state”. Whereas [173] extends this idea and identifies
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four broadly applicable task states (described in chapter 6) in search sessions based on

users’ search behavioral patterns where users try to evaluate known information and their

existing knowledge further. [48] defines task state and “subtopic state,” which consists of a

representation of the terms about the task subtopic, which then be used for query generation

and click-decision. Our simulation model uses the typology defined in Chapter 6 to determine

the user task state for each query segment. We conceptualize search task state as the user’s

focus of interest at a query segment which consists the motivation behind the query, users’

perceived problem and help, and the users’ search strategy (e.g., browsing and click-decisions)

for that query. Therefore, the task state typology in chapter 6 would be helpful for our task-

state simulation. To operationalize these states, we define each search state as a query

segment with all the available contextual information associated with the segment in the

search log. Therefore, query segments are clustered using K-means clustering techniques

based on their content and search activity patterns.

8.3 Experimental Setup and Evaluation

As described in Figure 8.1, we generated users’ search interactions to build synthetic search

sessions to test our model. Our experimental setup was primarily influenced by TREC

Session Search type user study setups where search tasks and topics were provided. In

this experiment, we used 60 topic descriptions from TREC 2014 Session Track dataset [57].

Based on the TREC 2014 Session Track topic descriptions, we generated the search sessions

by following the steps mentioned in the previous section.

To generate each component or interaction event of a search session using the individual

module, we use the default configurations (base model) for each model architecture to make

the process straightforward. However, our model parameters can be tuned if needed. The

process starts with generating a query based on a given task description. Then top 10 docu-

ments that may answer the information needed for that query are retrieved to create a ranked
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list of potentially relevant results. Next, the click prediction algorithm estimated users’ click

actions. Dwell times on the clicked documents and result lists were also calculated. Finally,

we made query and session abandonment decisions. If query segment abandonment was

detected, then task state prediction was made for each query segment to understand users’

latent focus for that query segment. The process is repeated until the session abandonment

is decided.

8.4 Evaluation

Evaluation of the synthetic search session generation methods is the most challenging part.

However, for this study, we care most about whether the sessions we generate are “useful”

for evaluating task-session-based IIR systems. Therefore, to answer our RQs 1 and 2, we

evaluate the quality of our model-generated synthetic sessions through a user experiment.

To measure the quality of synthetic sessions, we wanted to see whether a human searcher

can distinguish synthetic from user-generated TREC sessions. In order to evaluate how users

perceive synthetic sessions and task states, we conducted a small user study and compared

the sessions generated to sessions from the TREC 2014 Session track. Following similar

approaches from past IIR research [173, 175], we asked a set of human assessors to look at the

synthetic and TREC sessions. We had to judge (i) whether a session seemed to be simulated

or of human origin and (ii) task state labels. We created search log excerpts with task topics,

user ids, timestamps, queries, retrieved documents, and task states by mixing 10% of both

synthetic and user sessions from the TREC Session Track for randomly selected 5 task topics.

We provided this search log to each human assessor and asked them to follow the sessions.

The judges then reviewed the topic descriptions, examined the provided sessions, and labeled

each session as human-generated (from the TREC Session) or synthetic. The result shows

that, in the majority (60%) cases, assessors could not differentiate the synthetic sessions

from TREC ones. However, note that a person might have guessed the session origins due
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to the pattern of keyword-based query generation. On the other hand, the inter-annotator

agreement between our task-state predictive module and human annotators (combined both

rounds) was fair (63%), which showed the usefulness of our model.

8.5 Assumptions and Limitations

Our evaluation showed that human judges could not distinguish synthetic sessions from

sampled TREC sessions. Therefore, some authenticity can thus be attributed to the syn-

thetically generated sessions. Thus we showcased the potential, but as with other attempts

to generate synthetic search sessions, this work is not entirely fault-proof. At the same time,

our observations during these experiments and while shaping this preliminary study showed

that parameters for synthetic session generation are very dynamic, as well as task situations

and topic-specific issues. Therefore, before researchers decide to use the workflow in their

research, it is worthwhile to rethink the assumptions behind this work that might have in-

fluenced the data generation process and consider some of the limitations of this work. For

example, this study did not consider navigational, known-item, or fact-finding tasks that

often generate short sessions with limited queries. Furthermore, the working definition of

the session used in this work simplifies the modeling of search behavior, as it is agnostic

of temporal criteria regarding how long a user has been idle between sessions. Also, some

of the parameters used in the model, such as dwell times and session lengths, are based on

set values found in TREC Session Search scenarios which may not be appropriate in other

complex task scenarios. Addressing the outlined shortcomings is an interesting direction for

future work, which we plan to continue pursuing and updating our model.

Chapter Summary

• Authentic search sessions with task states can be simulated using a step-by-step

mixed model workflow by employing different strategies of simulating different
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aspects of user web search sessions.
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Chapter 9

RESEARCH QUESTION 4: APPLY CONTEXT-INDEPENDENT TASK
REPRESENTATIONS INTO SEARCH PROBLEM

The first experiment focuses on showcasing the utility of the extracted task information

(Chapter 7) in diverse search and recommender applications across different domains. Specif-

ically, we investigate the potential of leveraging task information in re-ranking models and

search personalization techniques. Our objective is to demonstrate that incorporating task

information proves more beneficial compared to conventional features typically employed in

retrieving and ranking information objects that align with users’ requirements.

9.1 Search Ranking and Re-ranking

The ranking is crucial in information retrieval and is fundamental to various IR-related appli-

cations, including search result ranking, query auto-completion, and video recommendation.

The primary objective of ranking models or algorithms is to arrange or sort a collection of

documents, denoted as d that match a given query denoted as q, based on a predefined cri-

terion. The aim is to ensure that the most relevant results appear prominently in the list of

results presented to the user. Learning to rank (LTR) is an approach that utilizes supervised

learning techniques to construct re-ranking models for IR systems. This approach leverages a

training dataset comprising queries, documents that match these queries, and corresponding

relevance scores. By employing this training dataset, a learning-to-rank algorithm develops

a re-ranking model capable of predicting the relevance of documents in the collection d for

a given query q.
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9.2 Experimental Setup and Evaluation

To tackle the challenge of utilizing our context-agnostic task representation to generate

a ranked order of documents, we employ task embeddings derived from our model in a

sequence-wise learning-to-rank (LETOR) model. This LETOR model can score and sort a

sequence of ranking candidates simultaneously [284]. LETOR represents a specific ranking

approach that employs supervised learning techniques to construct ranking models and es-

tablish an order for a list of ranking candidates. In the usual scenario, a LETOR algorithm

learns a scoring function using a training set comprising queries, a set of documents that cor-

respond to these queries, and their respective relevance scores. This scoring function assigns

a score to each document, enabling further prediction of document relevance in a document

collection for a given query. The documents are then ordered in descending order based on

these scores [315].

Based on the listwise learning to ranking model ListNet by [50] and SERank [284], the

formal problem statement of our approach is as follows: (In following descriptions, we use

a subscript to indicate both the index of queries and the index of documents for a specific

separated by a ”,”.)

Suppose Q = {q1, q2, q3, ..., qm} is the set of all queries and qi is the ith query within the set,

T = {ti,1, ti,2, ti,3, ..., ti,l} is the set of task contexts for each qi, Di = {di,1, di,2, di,3, ..., di,ni
} is

the set of candidate documents or items associated with the qi where ni denotes the size of

Di, and di,j denotes the j-th document in Di. Individual list of documents Di are associated

with a list of labels or judgment scores yi = {yi,1, yi,2, yi,3, ..., yi,ni
} where yi,j denotes the

relevance or judgment of the document di,j with respect to qi. yi,j is the relevance judgment

score for j-th document in di during a given qi. The output of the model would be list of

ranked relevance score of a given qi and a document di in the list.

A feature vector containing features and relevance labels yi,j for each document xi,j =

φ(qi, di,j) is created from each document pair (qi, di,j), i = 1, 2, ...,m; j = 1, 2, ..., ni, where φ
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denotes the feature functions of a document pair. A list of features xi = (xi,1, xi,2, ..., xi,ni
),

and a list of corresponding scores form a training set yi = (yi,1, yi,2, yi,3, ..., yi,ni
) form an

instance in the training dataset S = (xi, yi)
m

lim
i=1

. For the individual feature vector xi,j corre-

sponding to document di,j, a ranking function f is generated which outputs a score f(xi,j).

For a list of feature vectors xi a list of scores zi = (f(xi,1), ..., f(xi,ni
)) can be obtained. The

objective of the training ranking model is to learn a scoring function, which maps the input

feature vector of xi to an output relevance value Ri, and define a score function that mini-

mizes the empirical loss over the training set. The total losses with respect to the training

data obtains a listwise ranking or loss function L to minimize the loss:
m∑

i=1
L(yi, zi). The

documents di′ may be ranked in descending order of the scores in a listwise manner.

Several probability models can be employed to calculate the listwise loss function. In

our approach, we utilize a learning method that optimizes the listwise loss function based on

the probabilities of the top-k or top-one documents. This learning method involves neural

network modeling and utilizes Gradient Descent as the optimization algorithm, inspired by

the ListNet approach [50].

For the neural network ranking function, denoted as ω, we represent it as fω. This ranking

function takes a feature vector xi,j as input and produces a score, denoted as fω(xi,j), for

each document. Thus, given a query qi, the ranking function fω generates a score list

zi(fω) = (fω(xi,1), fω(xi,2), ..., fω(xni,j
)), where ni,j represents the total number of documents

for query qi.

To calculate the top-k probability for documents (di,j1 , di,j2 , ..., di,jt), we consider the

probability that each document appears among the top k documents. The specific calculation

of this probability depends on the chosen probability model and optimization method used

in the learning process:

Pzi(fω)(xi,j) = exp(fω(xi,j))∑ni
k=1 exp(fω(xi,k))

(9.1)
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With Cross Entropy as metric, the loss for qi can be measured as follows:

L(yi, zi(fω)) = −
ni∑

j=1
Pyi

(xi,j)log(Pzi(fω)(xi,j)) (9.2)

where yi is a judgement value for an item with respect to a feature ; Pyi
is a probability of

yi; zi is a list of scores for yi with a neural network model function fω applied to individual

yi according to an equation zi = (f(xi,1), ..., f(xi,ni
)). Pzi(fω) is a probability of zi; and

−
ni∑

j=1
Pyi

(xi,j)log(Pzi(fω)(xi,j)) is the cross entropy for the qi. j = 1 indicates that each

element in xi,j is an element of collection qi – the top k subgroup of the retrieved list of

documents.

9.2.1 Dataset

In our experiment, we aggregate all the session logs utilized in Chapter 7 to obtain a sub-

stantial number of search iterations involving query reformulations, thereby simulating the

completion of a complex search task. The combined session logs encompass over 3000 search

sessions, covering diverse topics. Each session comprises a sequence of queries and reformula-

tions. The log data includes information such as the number of clicked documents, snippets

copied by the user, and the user’s dwell time on each document.

For evaluation purposes, we create a test set consisting of 10 relevant documents for each

query, along with their corresponding relevance scores. This test set serves as a benchmark

for assessing the performance of our models and algorithms.

Metrics

We use standard ranking evaluation metrics from the literature to evaluate our models.

We consider all the documents corresponding to a query q as the candidate document set

for q and the relevance scores and item ranks of the document as the ground truth of

recommendation. The metrics we used include the Mean Average Precision (MAP), the
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Table 9.1: Performance on the Combined Dataset

Model nDCG10 MAP10

Baseline with LETOR 0.46 0.63

Our model generated task vectors 0.48 0.68

All featues 0.51 0.72

average multiplicative inverse of the correct document’s rank, and Normalized Discounted

Cumulative Gain (nDCG).

Competing Models and Ablation Step

The metrics evaluate ranking models for the first top-ranked results, for example, the propor-

tion of the top 10 results relevant on average over many queries. We generate three ranking

models based on three types of feature sets. Our baseline model used the standard LETOR

features for learning to rank techniques [219], which do not consider task-related features.

The second model uses the task embeddings derived from our model, and the third model

contains all features, including the standard LETOR features and the task embeddings from

the model we built.

9.3 Results and Discussion

To guide our analysis of the results, we formulate the following research question: RQ:

Can the combination of task-related feature vectors effectively enhance search performance?

The experimental results demonstrate that our task-aware LETOR model outperformed the

baseline model. Specifically, based on the nDCG scores for the top 10 document rankings,

our model outperformed ListNet with standard LETOR features. As shown in Table 10.2,

utilizing task embeddings improved ranking performance effectively. This outcome indicates

that incorporating task context features can enhance support for searchers dealing with
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complex search tasks.

The results above indicate the successful performance of task context representation. This

outcome can be attributed to the fact that multiple features have the ability to accurately

represent the context of a search task better than a single feature alone. However, it is

essential to note that each feature typically contains noise and uncertainty. Considering

these sources of uncertainty, common in real-world applications, we observed that individual

contextual features alone could not sufficiently improve ranking. Nonetheless, combining

multiple task aspects makes it possible to create a precise representation of task context for

the search process, thereby providing more effective contextual features for ranking models.

9.4 Implications

This study aimed to integrate our task state embedding into learning-to-rank algorithms

to optimize document ranking for a given query, thereby providing reactive, proactive, and

dynamic support. Our approach has yielded insightful findings. The ranking results demon-

strate a strong correlation between searchers’ evolving and overall task contexts and their

search behaviors, selection of search strategies, and relevance judgments during different

stages of a search session.

Chapter Summary

• The study extracts dynamic task information as HGNN embeddings and incor-

porate them into learning-to-rank algorithms.

• The study reveals that searchers’ evolving and overall task contexts are closely

linked to their search behaviors, selection of search strategies, and relevance judg-

ments within various sub-steps of a search session.

• Although the results show moderate improvements, this study serves as a prelimi-
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nary investigation into the effectiveness of incorporating task contexts to enhance

search systems’ capability in supporting complex search tasks.
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Chapter 10

RESEARCH QUESTION 4: APPLY CONTEXT-INDEPENDENT TASK
REPRESENTATIONS TO GENERATE RECOMMENDATIONS

In the second experiment, we implemented our task model into a recommendation prob-

lem.

10.1 Introduction

People use search and recommendation systems not only for easy access to information but

also for accomplishing complex everyday tasks that may require multiple rounds of searching

and browsing information of various kinds. In order to help users in fulfilling their overall

task at hand rather than supporting only one task at a time, search and recommendation

systems must address users’ shifting task goals [260, 269].

10.2 Recommendation Model using Task State Model

We build a task-based recommender model with our HGNN-based task embedding model

on top of a collaborative filtering approach in order to return top-N recommendations for

users based on their tasks. This model contains two layers: Layer 1 is the heterogeneous

GNN layer that models the relationships between various information items and users and

represents users’ task states. This GNN layer uses a graph structure to represent tasks

based on the relationship among graph nodes (e.g., sessions, users, and items). Finally,

layer 2, a recommendation layer, uses a collaborative filtering algorithm to return top-N

recommendations for each user based on their behavior and tasks.
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10.2.1 Task Embedding Layer

We explain our task representation layer in Chapter 7.

10.2.2 Recommendation Layer

In step 2 of our approach, we utilize the outputs generated by the task embedding layer

as inputs to a Collaborative Filtering (CF) model in order to obtain a list of the top 10

items that are potentially relevant to a user’s task. Collaborative filtering operates on the

principle of identifying similar users based on their historical interactions with items and

recommending items that have been favored by those similar users. Essentially, collaborative

filtering assumes that users who have exhibited similar preferences in the past are likely to

continue having similar preferences in the future. Hence, the system assesses the similarities

between users or items, arranges the recommendations accordingly, and returns the top-N

items to the user.

To summarize, we use the HGNN-based task representation module to extract sequential

user-item interactions for sessions by metapaths to develop task representation. In the next

step, we use a CF-based recommendation module in order to extract top-N recommendations

based on those task embeddings.

10.3 Experiments

This section outlines the specifics of our experimental setup. To implement the two layers

mentioned above, we established a learning rate of 0.05, a dropout rate of 0.01, and utilized

2 layers over 100 epochs.
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Table 10.1: Statistics of datasets
Statistics UB Tmall

# of Users 987,994 17,209

# of Items 4,162,024 16,176

# of Interactions 100,150,807 831,117

10.3.1 Datasets

We conduct experiments on two datasets that are commonly used in recommendation stud-

ies. These datasets are (1) User Behavior (UB) 2: this dataset includes the users’ purchasing

behavior of Taobao, which Alibaba offers. These behaviors are click, purchase, add to fa-

vorite, and add to shopping cart from November 25 to December 03, 2017, and (2) Tmall 3:

this dataset contains anonymized users’ shopping logs of Tmall.com in the past six months

before and on the “Double 11” day. This dataset includes different action types like click,

purchase, add to favorite, and add to cart. We allocate 30% of these datasets for the train

set, and rest for validation, and test sets. The statistics of these datasets are shown in Ta-

ble 10.1. Since the datasets do not contain any task state labels, we use the unsupervised

clustering techniques to cluster the task states.

10.3.2 Evaluation

To assess the performance of our model, we employed two widely used ranking performance

metrics: Normalized Discounted Cumulative Gain (nDCG@K) and Mean Reciprocal Rank

(MRR@K).

nDCG@K measures the effectiveness of a recommendation algorithm by comparing the

2https://tianchi.aliyun.com/dataset/649
3https://tianchi.aliyun.com/dataset/42
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ranked list of recommended items to a list of ground truth items that the user is known to

be interested in. It takes into account the position of each relevant item in the ranked list

and assigns higher scores to items that are ranked higher. In our evaluation, we considered

K = 10, which means we evaluated the performance of the model based on the top 10

recommended items.

MRR@K, on the other hand, calculates the average reciprocal rank of the relevant items

in the ranked list of recommended items. It provides a measure of how quickly a relevant

item is found in the list. For our evaluation, we set K = 5, which means we focused on the

performance of the model in terms of the top 5 recommended items.

By utilizing these metrics, we were able to quantitatively assess the effectiveness of our

model in recommending relevant items to users based on their tasks.

10.3.3 Baselines

In this study, we have chosen the following baseline models for task-based top-N recommen-

dation in sessions:

• NMF (Non-Negative Matrix Factorization) [151]: This algorithm recommends a set of

N items to a user based on their historical preferences. It achieves this by factorizing

the user-item interaction matrix into two non-negative matrices, representing user and

item factors. NMF leverages these factors to make personalized recommendations.

• GRU4REC [109]: This model takes a sequence of items as input, representing the items

interacted with by the user in each session. GRU4REC utilizes a Gated Recurrent

Unit (GRU) architecture to predict the probability of the next item in the session.

Recommendations are then made by selecting the items with the highest predicted

probabilities.
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Table 10.2: Performance of our task-based model along with the t-scores for each model.

Significant values at p < 0.05 are marked with ‘*’.

UB Tmall

Model nDCG10 MRR5 t nDCG10 MRR5 t

MF 0.45 0.48 - 0.47 0.45

GRU4REC 0.27 0.25 1.42* 0.25 0.23 1.07*

SR-GNN 0.25 0.13 -1.45 0.20 0.22 0.91

Our model 0.49 0.50 -2.80* 0.51 0.48 4.51*

• SR-GNN (Session-based Recommendation with Graph Neural Networks) [300]: This

algorithm learns session representations using a graph neural network. It predicts the

probability of each item being the next item in the session. Items are ranked based

on their probability scores, and the top-N items are recommended to the user. For

training the SR-GNN model with our data, we utilized the code repository provided

by the authors of the original paper.

To train SR-GNN model with our data, we used the code repository provided by the

authors of the above-mentioned paper4.

These baseline models were selected to compare and evaluate the performance of our

proposed approach for task-based top-N recommendation in sessions.

10.4 Results and Discussion

To organize the outcome of this study, we answer the following research question based on

the analysis and results:

4https://github.com/CRIPAC-DIG/SR-GNN
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RQ: How can a GNN-based task state model effectively personalize task-based recommen-

dations in each session?

We conducted multiple runs (10 times) of our proposed model and the baseline models

in our experiments to obtain reliable results. The average outcomes were then calculated

and compared. As shown in Table 10.2, the experimental results indicate that our task-

embedding-based recommender model outperformed the three baseline models. Specifically,

based on the nDCG and MRR scores for the top-N recommendations, our model demon-

strated superior performance compared to SRGNN and GRU4REC. These findings highlight

the effectiveness of incorporating task context features in supporting users with complex

tasks.

Additionally, we conducted a two-sample t-test to assess the performance of each model

compared to our fundamental baseline model, NMF. The results showed non-significant

improvements for the SR-GNN model compared to the first baseline model. It is noteworthy

that SR-GNN did not perform poorly in these experiments. One potential reason behind this

observation could be the relatively smaller size of our datasets, as dataset size can influence

performance. Nonetheless, the results demonstrate the benefits of leveraging task context to

personalize recommendations based on users’ tasks.

Our findings support the notion that task context contributes to improved performance.

This is likely because multiple features can more accurately represent the search task context

than individual features, which are often noisy and uncertain. Given the common occurrence

of uncertainty in real-world applications, relying solely on individual contextual features to

enhance recommendations is challenging. However, combining multiple features can create

an accurate representation of the task context, providing more effective contextual features

for recommendation models.
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Chapter Summary

• Incorporating dynamic task features into recommendation algorithms to optimize

top-n recommendations and assist users in completing tasks.

• Visualization of the user-system interaction process as an information graph, with

users and items represented as vertices.

• Utilization of heterogeneous graph neural network embedding-based task model-

ing, incorporating contextual information from user sessions.

• Training of a task-aware collaborative filtering model based on inferred tasks from

user-system interactions.

• Evaluation of the methods using publicly available log data, demonstrating su-

perior performance compared to baseline recommendation models.

• Close association observed between users’ evolving task stages, overall task con-

texts, browsing behaviors, and relevance judgments in sub-steps of a session.
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Part III

CONCLUSIONS

This final part of the thesis summarizes the findings from this research with assumptions

and limitations and explores several potential areas for future work.
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Chapter 11

CONCLUSION

Our dissertation focuses on analyzing users’ search behavior, identifying their common

challenges, and determining their preferred solutions. We developed techniques to extract

and utilize search task information to better understand users’ needs. By studying users’

information-seeking behavior and characterizing the task state framework, we were able to

extract tasks as a sequence of task states. We also used task information to create user

models and improve document ranking and collaborative filtering for recommendations.

In this chapter, we discuss some of the implications of the research presented in the

different chapters of this thesis.

11.1 Implications of the Results for Task-Aware Adaptive Support for Complex Task
Doers

At the beginning of this thesis (Chapter 1) we discuss possible ways for systems to support

users to complete complex search tasks: that is, the systems need the ability to capture,

characterize, and execute that underlying tasks at various levels, a way to incorporate such a

representation into search, recommendation applications and provide appropriate interven-

tion support for struggling users at their time of need. The four broad research questions

try to find ways to address the three objectives that we set at the beginning of the thesis.

Here, we discuss how well we address the objectives stated at the beginning and how they

have implications for broader task-aware adaptive supports to users.

For better understanding, we mention the objectives and research questions from Chap-

ter 1.
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Objective 1: Developing a Conceptual Model - The first objective is to develop a concep-

tual model that comprehends how different tasks elicit specific information needs, leading to

diverse methods, strategies, and information sources for seeking information. The aim is to

understand the users’ tasks, the motivations behind task needs, their search approaches, and

the challenges they encounter during each step of their search sessions [259, 243]. In other

words, we aim to construct a task-information need-strategy-problem map, which can be

utilized to offer task-based support in various information formats (e.g., suggesting queries,

documents, or relevant individuals) to address the encountered problems and guide users

towards successful task completion.

Objective 2: Understanding Evolving Task States - The second objective is to explore

how the knowledge of evolving task states, underlying search needs, and the overall goal

can enhance a system’s offerings to its users. Addressing the aforementioned challenges

necessitates automated methods for the sense-making of tasks and the development of task-

based information retrieval systems. These systems should excel in modeling, identifying,

and extracting tasks while also supporting users’ complex search tasks across various search

situations, modes, and modalities. Building upon the insights gained from the first objective,

this dissertation aims to develop computational models that can extract the nature of users’

tasks from their search behaviors.

Objective 3: Leveraging Task Knowledge in Search Applications - The third objective

focuses on utilizing the acquired task knowledge in different search applications. Specifically,

the emphasis is on learning task-based responsible design for scalable and efficient information

systems. These systems aim to align with users’ task goals and deliver relevant information

in various formats, such as queries, documents, and people. By understanding and leveraging

task information, this research aims to address the challenges users face during the search

process and provide effective support to overcome them.

High-level Research Questions
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RQ1. To what extent do various task types trigger distinct information needs,

prompting diverse approaches and strategies in the search for different types of

information and sources?

RQ2. What problem(s) do searchers encounter while performing a specific task,

and the type(s) of help do they prefer to get from the system?

RQ3. What approaches can be employed to effectively represent and express

tasks in a manner that is agnostic to the search context?

RQ4. In what ways can we integrate context-agnostic task representations into

current search and retrieval approaches to enhance their efficacy?

11.1.1 Conceptualizing an Holistic Picture of Task, Applications of Our Findings and Po-

tential Future Studies

Understanding Implicit and Explicit Search Behaviors

Study 1 (Chapter 4) Study 2 (Chapter 5) demonstrate the importance of adopting a holistic

perspective on the information search process to gain a comprehensive understanding of users’

task context and motivations through their implicit, explicit search behaviors and provided

feedbacks. The findings reveal that users’ perception of task difficulty, task descriptions, and

familiarity with similar tasks play a crucial role in determining their task state, preferred

information sources, search strategies, and preferred help.

The studies show that understanding the interplay between users’ implicit and explicit

search behaviors provides valuable insights into their underlying information needs and search

strategies. This understanding can be instrumental in designing interventions that effectively

support users in addressing their specific problems.

For instance, the study participants reported a tendency to utilize multiple informa-

tion sources, particularly when facing cognitive and informational needs. This highlights
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the importance of search and information retrieval systems offering support for accessing

and integrating information from various sources and channels, including both impersonal

sources (such as web pages and databases) and interpersonal sources (like social networks

and forums). The system should enable seamless transitions between these sources and tai-

lor recommendations based on the user’s contextual needs and preferences for personal or

cognitive information requirements.

Additionally, the studies reveal a preference for collective and collaborative information

seeking on social networking sites. To support such tasks, it is crucial to incorporate features

that encourage and facilitate collective information seeking. This can include providing rec-

ommendations based on popular sources, enabling sharing and collaboration among users,

and leveraging collective knowledge to enhance search results. Considering users’ motiva-

tions and expectations, personalized recommendations and interventions should be provided,

taking into account their goals, preferences, and expectations. Doing so can enhance the user

experience, leading to a higher likelihood of finding relevant and satisfactory information.

The design of the system should facilitate access to relevant sources and channels based

on the specific information being sought. The presented mapping of tasks, information

needs, search strategies, and problem-help relationships can be valuable in achieving this

goal (Chapter ’3). As users often struggle to articulate their needs, the system should assist

them in identifying the most suitable sources based on the type of information they seek and

their specific requirements. Providing guidance on source selection and offering options that

effectively fulfill the user’s needs can significantly enhance the search experience.

Future Research Directions

To gain a deeper understanding of user behavior, it is imperative to conduct extensive re-

search that takes into consideration various contextual factors and the emergence of new

technologies. It is also essential to give due consideration to user feedback as well as cultural

differences. In the previous chapters, namely 4 and 5, we have collected both implicit and
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explicit feedback from users to obtain valuable insights into their task context. Nonetheless,

further investigation is required to determine the trade-offs between analyzing implicit and

explicit feedback in different task situations. This knowledge can be extremely beneficial in

allocating resources for collecting feedback, which can ultimately provide better support to

users during their search processes.

To gain a comprehensive understanding of tasks at different levels, it is crucial to delve

into a variety of attribute sets and then combine them. This approach allows for a more

nuanced analysis and provides a more complete picture of the task at hand. By exploring

different sets of attributes, one can identify patterns, relationships, and dependencies that

may not be apparent when examining individual attributes in isolation. Therefore, it is

important to adopt a holistic approach when analyzing tasks and consider multiple attribute

sets to arrive at more accurate and useful insights.

Furthermore, longitudinal studies that track the evolution of implicit and explicit search

behaviors are necessary. Search behaviors are not static and can change and develop over

time. By conducting longitudinal studies that observe users’ search behaviors over extended

periods, valuable insights can be gained regarding the transformation, adaptation, and de-

velopment of implicit and explicit search behaviors and how these behaviors impact task

performance. Such studies can effectively identify patterns, trends, and potential interven-

tions to support users throughout their information-seeking journeys.

Task and User Characteristics in Modeling Users

The influence of task complexity and user characteristics on search behaviors, perceived

problems, and preferred help highlights their significance in modeling users. Considering

these factors when providing interventions is crucial as it ensures they are relevant and

effective.

The findings from Study 1 (Chapter 4) and Study 2 (Chapter 5) hold practical value for
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search systems as they offer opportunities to mitigate potential issues and improve design

to alleviate cognitive loads in complex task sessions. By gaining insights into the prefer-

ences and struggles of different user groups based on their inherent problem-help preferences

(for example, Study 2 shows that participants who spend more time on web pages often

struggle to articulate their information needs and thus prefer help in query and document

suggestions), personalized models can be developed to cater to the unique needs of these

groups. Furthermore, the insights regarding the heterogeneity observed at the user, interest,

problem, help, and task state levels in search behavior indicate the importance of shifting

the focus from entire search sessions to dynamic search task states as the primary unit of

consideration and analysis. Study 2 demonstrates that users perceived problems and pre-

ferred help change as their task state evolve during the search process. Therefore this shift

enables a more nuanced understanding of users’ information-seeking processes and facilitates

the development of targeted interventions tailored to specific task states.

Future Research Directions

Future research can focus on developing context-aware interventions based on the under-

standing of task and user characteristics and our unified task state representations. These

interventions would adapt dynamically based on the current task context, user expertise,

and familiarity with similar tasks. By leveraging real-time user interactions and contextual

cues, the interventions can provide timely and personalized support to address users’ specific

challenges and improve their search experience.

Mapping User Behaviors to Predict Problems

We gain valuable insights by categorizing the constraints and barriers perceived by users

during online information search based on their implicit search behavioral signals and explicit

feedback in Study 2. Mapping users’ implicit and explicit search behaviors to their perceived
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problems enable us to predict and anticipate the challenges they may encounter at different

stages of the search process. This predictive capability holds significant importance as it

allows for timely interventions that can provide relevant support precisely when users are

likely to face difficulties. Such interventions can be customized to address specific pain points,

resulting in a proactive approach to identifying user challenges and anticipating potential

obstacles.

For instance, we can consider a scenario where a user spends an extended amount of time

on search result pages without clicking on any results - a clear indication that they struggle

to trust the information presented on the SERP. Leveraging our problem-help mapping,

we can infer this issue and devise an appropriate intervention. The system can suggest

query enhancements or refinements by displaying a notification with alternative keywords

or related terms, aiding the user in better expressing their information needs. Additionally,

trustworthiness indicators can be introduced, such as credit scores or ratings for web pages or

sources, based on established criteria like domain authority, author expertise, or user reviews.

These indicators address the user’s lack of trust in retrieved information. Furthermore,

considering the user’s expressed concerns, interventions can provide educational resources

and tips on evaluating the credibility of online information, including explanations of fact-

checking techniques, source verification methods, or guidelines for identifying reliable sources.

Moreover, an ongoing feedback loop becomes essential to improve the effectiveness of

the intervention strategies continuously. The system can actively solicit user feedback to

gauge the provided interventions’ usefulness and impact. This feedback mechanism ensures

the system learns from user responses, allowing for iterative enhancements and refinement

of interventions over time. By prioritizing user feedback, we can optimize the support and

enhance the overall search experience.
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Future Research Directions

Conducting additional user studies is imperative to establish the effectiveness and user ac-

ceptance of the abovementioned interventions. By collecting feedback from the users, we can

gain insights into the relevance, usefulness, and impact of the interventions. This feedback

will be invaluable in refining and improving the interventions to better meet user needs.

Furthermore, conducting comparative evaluations involving different intervention strate-

gies is crucial. By comparing various approaches, we can assess their impacts on user sat-

isfaction, task completion rates, and information quality. This comparative analysis will

enable us to identify the most effective intervention strategies and determine which ones

yield the best outcomes.

Through these user studies and evaluations, we can gather quantitative and qualitative

data that will provide a comprehensive understanding of the interventions’ effectiveness. This

information will guide us in making informed decisions about refining the interventions and

implementing improvements to enhance user satisfaction and overall search performance.

Momentary Cognitive Focus of Attention: Task Representation Model

Our research findings highlight the need to improve the support provided by existing search

systems for complex and exploratory search tasks, which often require multiple rounds of

interactions to complete. To address this, we propose the concept of evolving user cognitive

focus or task state (Chapter 6), which involves understanding and addressing users’ imme-

diate needs and aligning with their current problematic state during the search process. By

combining perceived problems, help, actions, and users’ motivation, we can conceptualize

tasks at a granular level as this cognitive focus state, enabling the design of interventions

that cater to users’ specific needs at a given time.

Search systems can leverage the insights from recognizing task states to provide adaptive

support. As the task state changes, the system can dynamically adjust its behavior and
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suggestions to meet the evolving needs of the searcher. For example, if the system detects that

the searcher has transitioned from exploratory research to focused information gathering, it

can prioritize presenting more specific and relevant search results. For example, suppose a

user engages with a search chatbot to explore a broad topic. In that case, the system can

recognize this as an exploratory research task and provide a list of related keywords and

suggestions for refining the search based on popular subtopics. The system can dynamically

adjust its results and support accordingly by identifying shifts in the task state.

Another important outcome of our research is extracting and understanding user tasks

(Chapter 7), which can be applied to conversational contexts. An intelligent task-aware con-

versational module can be developed by enriching the current conversational context with

domain-specific task information. This opens up possibilities for constructing intelligent ver-

bal responses by incorporating user context, task domain knowledge, and the user’s current

information needs. Task awareness in chatbots is a promising area for both research and

practical applications, especially considering recent developments in generative AI.

In Chapters 6 and 7, we present a conceptual model of task states at the most granular

level, which includes users’ cognitive intent, problematic state, and strategies. To capture

these task states, we employ a GNN-based representation model that clusters both observed

and unobserved behavioral signals from users. The heterogenous GNN can capture the struc-

tural features of interactive search sessions and represent tasks based on users’ behavioral

signals. If we consider tasks as a hierarchical construct (as proposed in [258]) that combines

macro and micro tasks, our task model can be applied to represent tasks at different levels.

This is achieved by aggregating the relationships among different attributes present in the

search sessions and assigning different weights to each attribute. By doing so, the model

can decompose exploratory and complex tasks into smaller goals, thereby reducing cognitive

load and focusing on momentary cognitive attention. The application of our task model also

enables the narrowing of assistance provided to the specific state of the task at hand. This
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can be represented in a semantic space or an abstract space, facilitating a better identifica-

tion of the task and a more comprehensive understanding of the user’s underlying goals and

intentions. Overall, our task model provides a flexible framework for representing tasks at

various levels and capturing the dynamic nature of user tasks in the search process.

The implications of our unified and context-agnostic task representation extend beyond

web search to various digital user-facing services. Understanding the task a user is trying to

accomplish can improve task-aware query suggestions, document retrieval, strategy sugges-

tions, personalization models, and recommendations. Proactive task-aware recommendations

have the potential to shift web searches from reactive interactions to proactive interactions.

Future Research Directions

In future work, we plan to conduct multiple experiments to investigate the abovementioned

applications. We also intend to expand the set of attributes and signals incorporated into the

task model to enhance task state identification. Advanced language models such as ChatGPT

can be leveraged to analyze users’ textual inputs and search behavioral signals, enabling

better identification of user intent, motivation, and problems. Additionally, exploring cross-

device task support is an avenue worth exploring.

Advancements in large language models provide opportunities to enhance task state rep-

resentations through improved textual content analysis, sentiment analysis, and entity detec-

tion within natural language processing. By incorporating insights from advanced language

models like ChatGPT, our task model can better identify user intent, motivation, and prob-

lems, leading to more effective support for search task completion. It can support all search

strategies identified by Belkin et al. [26, 253]. This opens up new possibilities and paves the

way for advancements in the field.
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Personalized help and intervention

The findings of this dissertation have the potential to significantly enhance the search expe-

rience and provide personalized support for individual users or groups of users with similar

needs and challenges. By gaining insights into patterns of search behaviors in relation to task

states and search intents, search systems can optimize the overall search process. They can

offer customized recommendations, suggestions, and guidance that align with the current

task state, thereby improving the efficiency and effectiveness of users’ search activities.

One key finding is that users’ desired assistance is not solely determined by their imme-

diate perceived problems. Instead, it is influenced by the strategies they employ throughout

their entire search session. This highlights the importance of personalized and adaptive in-

terventions that take into account users’ historical search behaviors. By considering each

user’s unique patterns, preferences, and previous interactions, search systems can dynami-

cally adapt their support to deliver a more personalized and targeted search experience.

By mapping task-need-problem-help-strategy relationships, it becomes possible to cate-

gorize users into different types based on their shared problems, preferred types of assistance,

or strategic approaches derived from their historical behavioral data. This enables the tai-

loring of similar support to users with similar profiles, leveraging the insights gained from

their collective experiences.

Future Research Directions

In this thesis, our approach primarily relied on behavioral data obtained from medium-

scale user studies, search logs, and simulated data to develop and implement task models.

However, for future research, it is crucial to expand our investigations by collecting and

analyzing real-world task data in naturalistic settings.

Collecting and analyzing real-world task data will allow us to validate and refine our

existing task models. It will provide insights into the nuances and intricacies of users’ task-
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related behaviors, enabling us to further improve the accuracy and effectiveness of our models.

Additionally, studying real-world tasks can uncover novel patterns and dynamics that may

not be fully captured in controlled experimental or simulated environments.

Implementing Task Models into Search and Recommendation Algorithms

Chapter 9 and Chapter 10 present an implementation approach for incorporating task models

into search and recommendation algorithms, demonstrating the significance of integrating

task contexts to enhance the capabilities of search systems in supporting complex search

tasks. These findings underscore the importance of further research and refinement in order

to achieve even better performance and more effective interventions. Integrating task models

into search systems makes it possible to provide reactive, proactive, and dynamic support

throughout the search process. Reactive support involves addressing immediate user prob-

lems or difficulties based on their current task context, allowing for timely interventions

tailored to their specific needs. Proactive support goes a step further by anticipating poten-

tial challenges that users may encounter, enabling preemptive interventions to mitigate these

challenges. Dynamic support ensures that the system adapts and evolves alongside users’

evolving task contexts, providing continuous assistance throughout their search sessions.

However, the experiments also reveal the need to consider additional factors such as

users’ cognitive, physiological, and affective traits (e.g., knowledge base, search skill, emo-

tional states) as they can influence search behaviors and task formulations. Integrating these

factors into the system makes it possible to provide more accurate and personalized inter-

ventions that align with users’ unique characteristics and requirements. This highlights the

importance of considering a holistic understanding of users when designing and implementing

task-focused search systems.
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Future Research Directions

In the future, our research aims to expand the implementation of task models to various other

search and recommendation problems. These include tasks such as document ranking, query

suggestions, addressing cold-start problems in recommendations, and more. By incorporating

task models into these areas, we can further enhance the performance and effectiveness of

search and recommendation systems.

Overall, these implications emphasize the importance of leveraging users’ implicit and

explicit search behaviors, understanding their perceived problems, and providing personal-

ized interventions throughout the search process. By doing so, interventions can effectively

address user challenges, improve search outcomes, and enhance the overall user experience.

By focusing on the integration of task models and personalized interventions, we aim to cre-

ate search and recommendation experiences tailored to individual users’ unique needs and

preferences. This research direction holds significant potential for advancing the field and

contributing to the development of more intelligent and user-centric search systems in the

future.

11.2 Limitations and Contributions

While the methods and results presented in the dissertation contribute to our understanding

of users’ tasks, there are limitations that warrant further investigation in future research.

Regarding Study 1, it is important to note that the findings are based on an online

survey conducted on a crowdsourcing platform, which restricts direct communication between

researchers and respondents. The scenarios presented were simulated, and participants had

to hypothesize the scenarios instead of actually performing the searches. Therefore, the

responses may not reflect self-motivated behavior, and only selection choices were collected

without capturing explanations behind those choices.

Additionally, self-reported data, including users’ surveys on information seeking, can be
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subject to biases. Participants’ stated actions in a scenario may not align with their actual

behavior during the information search. While the findings indicate that people prefer using

different information sources based on their needs, the interpretation of these needs can vary

based on individuals’ situational contexts.

Despite these limitations, the study reveals meaningful patterns regarding individuals’

information needs, sources, and methods. Notably, people tend to utilize multiple sources to

seek affirmation or alternative opinions on a particular topic. The study also demonstrates

the potential for predicting users’ choice of information sources based on their needs and

preferences. These findings lay the foundation for developing personalized search, recom-

mender, or intelligent systems that recommend relevant information sources based on user

preferences. The study aims to contribute to information seeking research and provides a

basis for further exploration. Additionally, future research could explore the influence of

demographic and personal data on information source selection.

Similarly, Study 2 also has limitations. Using simulated task scenarios in a controlled

laboratory setting may differ from the participants’ daily lives and actual needs, potentially

influencing their task completion and perception of problems and help. The study design

prevented participants from seeking external assistance, which they might have done in real-

life situations. The selection of potential problems and helps from a pre-defined list may not

fully represent users’ actual needs, potentially leading to inaccurate reports. The controlled

setting and time constraints may also affect participants’ responses. Furthermore, some

measures relied on self-reported data, introducing subjective biases.

Despite these limitations, the study’s main contributions lie in the detailed procedure

for identifying and observing information needs throughout the information search process.

It also sheds light on understanding barriers (reported problems) encountered during auto-

mated information retrieval, and the subsequent search behavior changes to mitigate those

problems. The study examines the relationship between behaviors, perceived problems, and



184

help in independent moments within a session, acknowledging that search sessions consist of

interconnected strategies.

Regarding unified task modeling, a limitation is that the study only focuses on four

elements of task states and omits other influential aspects, such as the emotional state.

Nonetheless, this research provides a promising direction for conceptually deconstructing and

computationally modeling complex search tasks from a process-oriented perspective. Future

research can explore additional dimensions and enrich the task state framework, considering

user characteristics and contextual factors that impact task states at various levels.

In terms of leveraging task representations, the experiments conducted on medium to

large datasets, which were primarily curated in user studies, may lack real-world users’

data and the inherent messiness found in actual search log data. This discrepancy could

potentially impact the performance and generalizability of the experiments.

Since the curated datasets used in user studies are carefully designed and controlled,

they may not fully capture the complexity and diversity of real-world search behavior. Real

users’ data, obtained from search logs or other sources, often exhibit various biases, noise,

and unpredictability that are inherent to user interactions with search systems. By relying

solely on curated datasets, the experiments may not fully capture the challenges and nuances

that arise in real-world scenarios. Furthermore, curated datasets may not encompass the

full range of tasks, information needs, and user behaviors encountered in the wild. The

controlled nature of user studies allows for specific hypotheses to be tested, but it may limit

the ability to fully explore the breadth and depth of user interactions in real-world search

settings. However, the experiments show the importance of task information in retrieval and

recommendations.
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11.3 Future Work

In addition to the implications and future research directions mentioned above, the research

presented in this thesis has additional opportunities for further work.

11.3.1 Task-specific Search Support Interface for Task Completion

The insights gained from this thesis offer the opportunity to seamlessly integrate task support

into existing search user experiences. This integration can be achieved by introducing task-

specific features, contextual suggestions, and guided interactions within the current search

interfaces. The successful integration of task-specific support relies on understanding the

context of user behavior, queries, and tasks. By leveraging our task modeling approach,

search systems can effectively inform and personalize search results based on the specific

tasks users are engaged in.

In specific scenarios, creating new search experiences that are specifically designed for

particular tasks or domains can deliver a more focused and streamlined user experience. A

notable example of this is Microsoft Bing’s Bing Chat 1 experience, where users can engage in

interactive conversations with the search system to refine queries, explore options, and receive

personalized recommendations. These innovative approaches are especially advantageous

for complex tasks that require interactive and conversational support. To further enhance

task support, the task state representation model can aid the system in identifying users’

challenges and offer tailored assistance in the form of task-related tips or proactive guidance

to improve task completion.

1https://www.microsoft.com/en-us/edge/features/bing-chat?form=MT00D8
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11.3.2 Modeling Tasks beyond Search

The concept of tasks holds great promise in diverse fields and user interaction systems,

extending beyond search to encompass a wide range of user-centric online services. As

such, we plan to focus our future research endeavors on advancing our task state model

to encompass general user tasks across different devices, applications, and systems. This

development will facilitate more effective contextual personalization for users, empowering

system designers to target users based on their specific tasks and deliver tailored experiences.

The valuable insights gained from this thesis can serve as a catalyst for further exploration

in developing comprehensive and adaptable task models that extend beyond the confines of

web search. Furthermore, our generic task extraction approach has potential applicability in

various domains, opening up avenues for experimenting with broader task taxonomies, such

as Anderson and Krathwohl–Bloom’s taxonomy [5], to gain a deeper understanding of users’

tasks in a general context.

11.3.3 Task Automation

In addition to task support and task completion, task autocompletion has emerged as another

potential research area. Task automation interventions can be crucial in enhancing efficiency

and streamlining processes. By automating repetitive tasks like data entry, note-taking,

email generation, meeting scheduling, and even simple fact-finding search processes, systems

can significantly reduce time and cognitive load for users. Leveraging techniques such as

ACT-1 2 or physics-informed AI [129], along with generative AI models, which harness

natural language understanding and generation capabilities, can enable the automation of

repetitive tasks and workflows. These approaches can facilitate task execution or provide

guidance for performing specific actions. By integrating these techniques, interventions can

assist users by providing relevant information, suggestions, or automated actions to support

2https://www.adept.ai/blog/act-1
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task completion.

However, it is crucial to consider several factors that influence the applicability of inter-

ventions and task automation. These factors include the complexity of the tasks at hand,

the availability of relevant data and resources, and the level of human oversight or decision-

making required in the process. The feasibility and effectiveness of implementing interven-

tions and task automation depend on the specific context and requirements of the tasks

being addressed.

11.3.4 Ethical Considerations

As AI-powered systems become more advanced, there is a risk that they may influence user

behavior in a biased way. This is particularly true for task-based intelligent systems, which

may nudge users towards specific actions and perpetuate false trust. There is concern that

these systems may create a feedback loop where users are no longer making decisions based

on their own behavior but rather on the system’s recommendations. This can lead to biases

in the data and in users’ decisions which can have unintended consequences. To address these

issues, we need to consider the ethical implications of task modeling and ensure that we are

not overtly influencing user behavior. We must also be aware of unintended consequences

and ensure we are not creating biases in the data.

In conclusion, we encourage the active pursuit of this research direction, both in the-

oretical exploration and practical implementation. We envision that the task model and

insights presented in this work can serve as a foundation for developing task-based intel-

ligent assistance systems and advancing the field of interactive information retrieval. By

integrating the insights and building blocks provided by this work, researchers and practi-

tioners can contribute to developing more effective and personalized task-oriented support

in various domains. We believe that further research and practical applications in this area

will lead to significant advancements in the field and ultimately enhance the user experience
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in information seeking tasks.
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