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Personalization of information retrieval tailors search
towards individual users to meet their particular infor-
mation needs by taking into account information about
users and their contexts, often through implicit sources
of evidence such as user behaviors. This study looks at
users’ dwelling behavior on documents and several con-
textual factors: the stage of users’ work tasks, task type,
and users’ knowledge of task topics, to explore whether
or not taking account contextual factors could help infer
document usefulness from dwell time. A controlled labo-
ratory experiment was conducted with 24 participants,
each coming 3 times to work on 3 subtasks in a general
work task. The results show that task stage could help
interpret certain types of dwell time as reliable indicators
of document usefulness in certain task types, as was
topic knowledge, and the latter played a more significant
role when both were available. This study contributes to
a better understanding of how dwell time can be used as
implicit evidence of document usefulness, as well as
how contextual factors can help interpret dwell time
as an indicator of usefulness. These findings have both
theoretical and practical implications for using behav-
iors and contextual factors in the development of per-
sonalization systems.

Introduction

As the amount of information on the web grows dramati-
cally, it becomes increasingly difficult for information

searchers to find documents that meet their particular needs.
The traditional one-size-fits-all approach that search
systems return the same results to everyone who issues the
same query has been replaced by “personalizing” results for
specific users, which takes into consideration the users’ par-
ticular information needs and their contexts. For example,
many search engines now take into account a person’s loca-
tion or previous search results in retrieving and ranking
search results. Nevertheless, personalization is still in its
early phase and many other factors can be used for person-
alization such as task, user background, etc., as Belkin
(2008) noted. Continuous exploration and research in this
area are needed.

In learning about users’ situations, personalization
systems often adopt an implicit approach so as to avoid
bothering and interrupting users during their search. They
usually infer user interests from monitoring their search
behaviors and/or search contexts, such as dwell time, click-
through, browsing history, and query history. As a salient
behavior that can be easily captured, dwell time has gained
research attention, but previous studies (e.g., Morita &
Shinoda, 1994; Kelly & Belkin, 2004) have produced dif-
ferent findings on whether or not the length of dwell time
indicates the usefulness of web pages. In particular, Kelly
and Belkin (2004) suggested that contextual factors should
be taken into account in understanding the relationship
between dwell time and document usefulness. Based on this
background, the current study hopes to contribute to person-
alization research by taking a careful examination of dwell
time with regard to whether, and how it can be an indicator
for systems to predict document usefulness. The study
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considers the effects of three contextual factors that have not
yet been much studied in personalization but are very likely
to help interpret dwell time as an indicator of user interest.
They are: (a) the stage in a work task; (b) task type; and (c)
the knowledge that the user has of task topic. In other words,
this study seeks to explore how these search contextual
factors may help implicitly infer document usefulness, in
particular examining the possible interaction effects of these
different characteristics and the users’ dwelling behaviors
on performing personalization.

Related Work

Contextual/Situational Factors in Information Retrieval
(IR) Studies

Over the past two decades or so, the concepts of context
and situation have been brought into the foreground of infor-
mation science research. However, context is a term that is
most “often used,” least “often defined,” and “when defined
so variously” (Dervin, 2003, p. 112), and the concepts of
context and situation have often been used interchangeably
(Cool, 2001). Based on a thorough review of the concept of
situation across six disciplines, as well as the distinction
between context and situation, Cool (2001) suggests that
“contexts are frameworks of meaning, and situations are the
dynamic environments” (p. 8), or more simply, “situation is
the dynamic aspect of context” (p. 31). Cool (2001) further
concludes that situation has the potential for being an impor-
tant unit variable and should be the focus of analysis in
information science research. Despite this clear description
that disambiguates situation from context, the following
more than a decade has continued to see the interchangeable
use of context and situation, and perhaps a more extensive
use of the term context when more and more single studies
tend to take into account multiple factors. As Allen (1996)
points out, context is not a single thing, but rather is a
composite of things comprised of a number of elements
or aspects. In this sense, using context as an umbrella term
to refer to a variety of factors could simplify things for a
certain purpose. Due to these reasons, the following litera-
ture review does not attempt to differentiate context and
situation, but uses the term context in general, unless
specified.

Contextual factors have been addressed by many
researchers as important in IR research and system design
(e.g., Belkin, 1993; Ingwersen & Järvelin, 2005; Kelly,
2006a; Dumais, 2007). Task as a contextual factor has
attracted fairly extensive research efforts with regard to the
effect of different task features on information search and
use (e.g., Byström & Järvelin, 1995; Byström, 2002;
Vakkari, 1999, 2001). User knowledge of a subject domain
(e.g., Wildemuth, 2004; White, Dumais, & Teevan, 2009) or
of a search task topic (e.g., Kelly & Cool, 2002; Liu, Liu, &
Belkin, 2013) has also attracted attention with respect to
their effects on information-seeking behaviors. However, it
is only in recent years that research findings on all these

aspects have been effectively used, or been proposed to be
used in the design of operational systems that tailor search
results toward individual users. The following section
reviews related studies in two main aspects of context: the
user’s task and the user’s topic knowledge. All studies
reviewed here belong to the “objectified context” camp
(Talja, Keso, & Peitilainen, 1999), treating context as an
objective reality which provides a background for the study
of an individual’s or a group’s behaviors.

Task and Personalization

Task and task classification. In a problematic situation, the
activities by which one attempts to keep one’s work or life
moving on are often called “tasks” (Ingwersen & Järvelin,
2005). Various types of tasks routinely examined in the
information science field include search tasks and work
tasks. A search task usually refers to a user’s search for
information through his/her interactions with information
systems, and a work task is an activity one performs to fulfill
the responsibility for one’s “work” (Ingwersen & Järvelin,
2005; Li, 2008). The relationship between the two types of
tasks is that work tasks are often motivations for search
tasks. It should be noted that tasks that drive people to
engage in information seeking are not restricted to those
which are strictly work-related, but include various sorts of
nonwork information-seeking activities in individuals’
everyday lives. For instance, everyday life information
seeking (ELIS) has been attracting increasing research atten-
tion. Previous studies in this area have investigated aspects
of seeking orienting information from media (Savolainen,
1995, 2007), planning for a vacation trip (Lin, 2001), and
others like shopping, weather, transportation, etc. (Agosto
& Hughes-Hassell, 2005). Such a phenomenologically
informed approach provides novel ideas for IR research. It
helps clarify the preference and relevance criteria for infor-
mation seeking by extending the evaluation base from the
narrower search task to the broader context of people’s
everyday lives, which may be more suitable in the situation
of interactive IR (Belkin, Cole, & Liu, 2009).

Researchers have spent a fairly extensive amount of effort
examining the effects of different tasks on information
searchers’ behaviors and performance. A common approach
is to classify user tasks into different types along some task
feature(s). These include, for example: closed versus open-
ended tasks (Marchionini, 1989); specific versus general
tasks (Qiu, 1993); factual, descriptive, instrumental, and
exploratory tasks (Kim, 2006); fact-finding versus informa-
tion gathering (Toms et al., 2007; Kellar, Watters, &
Shepherd, 2007); and learning about a topic, making a deci-
sion, finding out how to, finding facts, and finding a solution
(Freund, 2008). The various standards and definitions of task
classification make it difficult to compare findings across
studies. This makes it necessary to have some standard clas-
sification schemes. A rather comprehensive classification
scheme is provided by Li and Belkin (2008), which includes
a number of dimensions: task product, objective complexity,
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subjective complexity, and difficulty, to name a few. This
scheme has been used in a number of studies, which showed
the effects of these task features on users’ behaviors (e.g., Li
& Belkin, 2010; Liu et al., 2010).

Stage of task. Stage of task has received careful investiga-
tion regarding the information seeker’s affective, cognitive,
and physical action changes during the information-seeking
process. Li and Belkin (2008) did not include this as a
dimension, and this is a reasonable expansion to their clas-
sification scheme.

Kelly’s (1963) construct theory depicts the process of
construction as occurring in six different phases when indi-
viduals build their view of the world by assimilating new
information: confusion, doubt, threat, hypothesis testing,
assessing, and reconstructing. Taylor (1968, 1986) describes
four levels of information need along the different stages of
search: visceral, an actual but unexpressed need for infor-
mation; conscious, a within-brain description of the need;
formalized, a formal statement of need; and compromised,
the question as presented to the information system. In her
information-seeking process (ISP) model, Kuhlthau (1991)
proposes six stages, including initiation, selection, explora-
tion, formulation, collection, and presentation. The user’s
feelings, thoughts, and actions vary along the different
stages. This body of research indicates that stage of task may
be an important factor that relates to the user’s judgment of
document usefulness.

Vakkari and colleagues, in a series of papers (e.g.,
Vakkari, 2001; Vakkari & Hakala, 2000), describe their
research on the relationship between a user’s stage in
accomplishing a task and his/her search tactics and the
relationship between task stage and relevance assessments.
Through a study which involved 11 masters students pre-
paring a research proposal and engaging in IR search three
times, in the beginning, middle, and end points during the
course, it was found that the user’s vocabulary changed
from broader to narrower terms. As the task stage pro-
gressed, the users were less likely to start their initial
queries by introducing all the search terms, were more
likely to enter only a fraction of the terms, and tended to
use more synonyms and parallel terms. In terms of the
relevance criteria, the results supported the overall hypoth-
esis that the user’s relevance criteria depend on the stage
of his/her task performance process. These findings shows
the differences along stages and sheds lights on designing
personalization systems that could provide tools helping
users build their conceptual structure in the initial stage of
tasks. However, it should be noted that the authors did not
show statistical significance of the changes in relevance
criteria. In another study, Taylor, Cool, Belkin, and
Amadio (2007) did find statistically significant relation-
ships between the users’ stages in the search process and
relevance categories chosen. This demonstrates the differ-
ences in user’s relevance judgments in different stages of
the task; however, it leaves open how such differences
could be modeled through the user’s behaviors.

One issue to note about task stage is that it is not
always easy to split the stages exactly and accurately in
empirical research because stages do not often or neces-
sarily have obvious borders or lines, especially when the
user is not involved in explicitly expressing such stages.
Besides the method used by Vakkari and colleagues, that
is, taking different points during a course as different
stages, two other strategies have been used in related lit-
erature. One way is to split stages equally by time period.
For example, in their study analyzing the effect of implicit
relevance feedback (IRF), White, Ruthven, and Jose (2005)
divided tasks, based on the logged user-system interaction
data, into three stages with equal time length: “start,”
“middle,” and “end.” They found that IRF is used more in
the middle of the search than at the beginning or end,
whereas explicit relevance feedback (ERF) is used more
toward the end. In their study exploring how searchers’
criteria on web pages’ relevance evolved in the different
stages of tasks, Tombros, Ruthven, and Jose (2004) iden-
tified the stages in the users’ task progress by identifying
the first and last sets of web documents that the users
visited. The study found that the users’ relevance criteria
during a task displayed a certain degree of variation, espe-
cially for tasks for which the users had a higher perception
of task completion. Another way to operationalize task
stage was used by Lin (2001), which manipulates the
user’s task with different subtasks to be completed in dif-
ferent search sessions. In his study, a task scenario is
designed which requires the participants to finish a task
that involves making a vacation plan. This plan is accom-
plished through three steps/sessions: identify candidate
places for the trip, compare the different candidate places
and decide on one place to go, and to make a plan for the
trip. All these means to operationalize task stage are arbi-
trary to some extent, but the Lin (2001) approach seems
closest to the situation in people’s daily lives when solving
complex tasks.

Task structure. If the work task consists of multiple sub-
tasks, the relationship between the subtasks has to be taken
into account because the task-doer could take different
orders of these subtasks during the process of accomplishing
the work task. This dimension was not included in Li and
Belkin’s (2008) classification scheme, but a similar idea can
be found in other works. For example, Toms et al. (2007)
classify tasks based on their conceptual structures. The two
types of tasks in their approach are: the parallel, where the
search uses multiple concepts that exist on the same level in
a conceptual hierarchy, and the hierarchical, where the
search uses a single concept for which multiple attributes or
characteristics are sought. This opens a way to extend Li and
Belkin (2008) by adding to their classification scheme a new
dimension of task structure.

Summary. As can be seen from the review, there is a rich
body of literature on task in terms of how it affects users’
information-search behaviors and performance. However,
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further research efforts are needed. For instance, previous
studies typically concluded by finding behavioral or perfor-
mance differences among users performing different types
of tasks, but lacked further approaches that made use of
these findings in developing systems to personalize retrieval.
Another reason for further research is that a majority of
previous studies looked at behavioral or performance vari-
ables on a whole task-session level, such as time spent
to complete the whole task, total number of queries, total
number of pages viewed and saved, and effectiveness
(recall, precision) or efficacy (number of saved documents
out of all viewed) of the search. These variables cannot be
obtained until the end of a session. While these results can in
general be used to predict task type a posteriori, it is not easy
to make use of these findings in designing adaptive search.
Lower-level behavioral variables that can be captured and
used in real time are needed, for example, document dwell
time, number of pages per query, etc.

Task, Search Behavior, and Document Usefulness

The reviewed studies mostly concern a two-way relation-
ship between tasks and user behaviors, or between tasks and
search performance. No consideration was made with
respect to the usefulness of the documents with which the
users interacted. Document usefulness is an important
element in the search system. Not only do systems want to
return useful documents for the users at top ranks, but
systems can also learn user interest from useful documents
and extract significant terms from them for query expansion,
helping the users find what they need more efficiently. Being
able to predict document usefulness based on user behaviors
would benefit IR systems in personalizing search. There
have been previous studies looking at another two-way rela-
tionship between document usefulness and user behaviors
including document reading time, scrolling, etc. (e.g.,
Morita & Shinoda, 1994; Kelly & Belkin, 2001). These
studies, with different experimental settings, have generated
seemingly conflicting findings concerning the relationship
between document reading time and preference/relevance
judgment. While attempting to design a filtering system
based on monitoring user behaviors, Morita and Shinoda
(1994) found a strong tendency for users to spend a greater
amount of time reading those articles rated as interesting
than those rated not interesting. In a different setting which
was interactive in nature, asking the users to perform search
tasks, Kelly and Belkin (2001) found that the length of time
that a user spent viewing a document was not significantly
related to the user’s subsequent relevance judgment. Kelly
and Belkin (2004) further suggest that contextual factors
should be taken into account in interpreting the evidence of
user behavior, which leads to a three-way relationship
among document usefulness, user behavior, and contextual
factors.

Generally speaking, in examining such a three-way rela-
tionship, task has been found to be helpful in predicting

document usefulness from the user’s behaviors, such as
dwell time (or display time, i.e., the time that a user spends
on a retrieved information object). Kelly and Belkin (2004)
found that using display time averaged over a group of users
to predict document usefulness is not likely to work, nor
does it work using display time for a single user without
taking into account contextual factors. Specifically, display
time on relevant and nonrelevant objects differed signifi-
cantly according to specific tasks and specific users. This
demonstrated that inferring the usefulness of a document
from dwell time should be tailored toward individual tasks
and users. This study, however, did not examine how to
incorporate the contextual factors and what the actual effec-
tiveness would be.

The issue of incorporating contextual factors into predic-
tion of usefulness based on dwell time was addressed by
White and Kelly (2006). They explored the interaction
effects between dwell time and the two factors of user and
task on document usefulness. They examined whether addi-
tional information from the user and/or the task helps reli-
ably establish a dwell time threshold to predict document
usefulness, and how effective this method would be. They
found that tailoring the display time threshold based on task
type information improved an implicit relevance feedback
algorithm performance. In other words, display time was
shown to be able to successfully predict document useful-
ness when task information is considered. This study is a
successful attempt examining the interaction effect of con-
textual factors and display time in predicting document
usefulness.

Nevertheless, there are still research problems calling for
further efforts. In White and Kelly’s (2006) approach to
classifying tasks, they collapsed the different everyday life
tasks identified by their seven participants, according to the
task contents, into several categories such as online shop-
ping, emailing, researching, etc. However, the different tasks
cannot be more effectively used for personalization in a
more general sense unless they are classified into some
common types according to a certain generic features. Such
efforts could be conducted following some task classifica-
tion or ontology; for example, the task classification scheme
of Li and Belkin (2008).

Topic Knowledge and Personalization

Another contextual factor that is potentially helpful in
providing additional user interest information for personal-
ization is the user’s knowledge. The literature on IR has
seen two different types of knowledge being studied
regarding their effects on users’ search behaviors: one is
domain knowledge, and the other is topic knowledge.
These two types of knowledge have been shown to be dif-
ferent in affecting users’ search behavior (Zhang, Liu, &
Cole, 2013). What is relevant to the current paper is topic
knowledge (i.e., topic familiarity; topic knowledge and
topic familiarity are used interchangeably in this article),
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and this section reviews the literature on topic knowledge
and personalization.

In looking at users’ topic knowledge and their search
behaviors, the examined behaviors often include document
features related to reading behaviors, dwell time, the ratio
of saved to all viewed documents, etc. Hembrooke,
Granka, Gay, and Liddy (2005) found that experts with
high topic knowledge issued longer and more complex
queries than novices. They also used elaboration as a refor-
mulation strategy more often as compared to simple stem-
ming and backtracking modifications used by novices.
Allen (1991) found that compared with their counterparts,
people with high topical knowledge used more search
expressions, and employed more search expressions that
had not been contained in their statement of information
need. Kelly and Cool (2002) found that an increase in
familiarity with topics, reading time tended to decrease and
efficacy, measured by the ratio of the number of saved
documents to the total number of viewed documents,
increased. These results indicate that it may be possible to
infer topic familiarity implicitly from search behaviors.
However, further efforts are needed in order to tell which
specific documents may be predicted as useful based on
topic knowledge and reading time, the user’s saving,
viewing, and other behaviors. Kelly (2006b) found that
user topic familiarity, as a contextual factor, had a signifi-
cant effect on user behaviors, specifically, document
display time.

Using a different approach, Kumaran, Jones, and Madani
(2005) attempted to differentiate documents that match dif-
ferent levels of topic familiarity by document features. They
defined two types of web pages: introductory web pages,
which do not presuppose their readers to have any back-
ground knowledge of the topic and may introduce or define
key terms in the topic; and advanced web pages, which
assume their readers have sufficient background knowledge
and familiarity with the key technical/important terms in the
topic. A classifier was built to classify the documents
according to different features (e.g., stop-word, line-length)
that could predict assumed topic familiarity. An experiment
to re-rank search results for people with lower topic famil-
iarity showed that the classifier was effective: the proportion
of introductory pages at top 5 and top 10 result lists using
this method was significantly higher than in a baseline run
using default search engine ranking. Their method could
be effective in biasing result ranking for topic familiarity
when it is known. Their study indicated that certain features
of the document could be predictive of the document being
introductory or advanced, and also predictive of a user who
read an advanced or introductory document having high or
low familiarity with the topic. This could be useful in
implicitly inferring one’s topic familiarity, which would
accordingly help in personalization system design that takes
account of the user’s topic familiarity when it is not explic-
itly known.

While these studies mostly concerned the two-way rela-
tionships between knowledge and user behaviors, there is a

need to examine the three-way relationship among knowl-
edge (as a contextual factor), user behaviors, and document
usefulness. In their proposed user modeling system that
accounts for contextual factors, Kelly and Belkin (2002)
addressed the user’s topic familiarity. They pointed out that
topic familiarity might affect the types of information search
and behaviors exhibited by the user. They illustrated the
likely ways in which topic familiarity might affect a user’s
reading time on a document: the relationship between
reading time of relevant and nonrelevant documents is not
simply linear; rather, it could vary in two very different ways
according to topic familiarity. For those with a low degree of
familiarity, reading time for both relevant and nonrelevant
documents may be similar, but for those with high degree of
familiarity, reading time for relevant and nonrelevant docu-
ments may be very different. Their concept makes intuitive
sense, but there has been no further research hypothesis
developed or effort spent on verifying this type of relation-
ship in a systematic way.

Theoretical Stance

Research Model

Personalizing IR requires understanding of the user’s
goal (or task), context, and search behaviors within the
current search episode. This sets up a three-way relationship
among document usefulness, user behaviors, and contextual
factors, toward achieving a certain goal. We propose a
model (Figure 1) involving key factors in an IR episode that
address basic relationships and interactions among these
factors, which could provide significant evidence for person-
alization.

Four sets of elements are included in this model: goal,
contextual variables, user behaviors, and document

FIG. 1. A research model: Factors and relations in an IR activity. (Factors
shown are those addressed in the paper, among others.) [Color figure can be
viewed in the online issue, which is available at wileyonlinelibrary.com.]
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usefulness. Given a certain goal that drives the user to
engage in information search, there is a three-way relation-
ship: one element is document usefulness, which is the core
value that a personalization system tries to learn, infer, or
predict; another element is behavioral information, which is
what users do and which can be observed by systems; and
the third element refers to contextual factors, which set and
convey the background and contextual information about the
users who are conducting information search.

The behaviors that have been studied in IR research,
specifically IR personalization research, include querying,
dwelling behavior (one measure is the duration of dwelling
on a document, called dwell time), saving behavior, click-
ing, and using behavior. Behaviors in IR personalization can
be understood in a two-fold sense. On the one hand, behav-
iors can be viewed as the concrete expressions that a user
shows under his/her specific situation in the IR episode. For
example, a user’s dwell time on a retrieved information
object may be a function of his/her level of domain knowl-
edge, and his/her task features. On the other hand, behaviors
are also sources for the IR system to learn about the user.
Predictions of a user’s preference, that is, a document’s
usefulness to the user, can be made according to the user’s
behaviors. For example, the user’s dwell time on a docu-
ment, or the saving or using behaviors, may tell, at least to
some extent, how useful the document is to the user. In the
latter sense, behaviors can have interactions with situational
factors, and such interactions can also possibly help predict
a document’s usefulness. For instance, a user’s dwell time
on a document, together with the consideration of the user’s
knowledge, and/or task, may tell how useful this document
is to him/her.

The contextual factors that were considered in the
research reported here include the stage of task, task type
(specifically, task structure), and topic knowledge. The
review of the related literature on task stage showed that
users’ behaviors and cognitive status (e.g., relevance judg-
ment criteria) did vary along different stages in the search
task (e.g., Vakkari & Hakala, 2000; Taylor et al., 2007).
Thus, it is of interest to see how information about task stage
can be used for personalizing search results. One question of
interest is whether or not task stage, as a contextual factor,
can provide useful information for implicitly inferring a
document’s usefulness from some dwell time.

This study also considers different types of tasks classi-
fied by subtask relationships, that is, task structure. Using a
method similar to Toms et al. (2007), two basic types of
tasks are conceptualized: the parallel and the dependent. In
some tasks, subtasks are parallel to one another, and the
accomplishment of one is not necessarily dependent on the
accomplishment of other subtasks. The knowledge needed
for, and acquired after, one subtask does not necessarily
contribute to the knowledge needed for subsequent subtasks,
nor is it necessarily based on knowledge acquired in the
conduct of previous subtasks. Accordingly, the order of the
subtasks is not fixed, but rather can vary. These tasks are
called parallel tasks in this study. On the other hand, some

subtasks could be dependent on others, and the accomplish-
ment of one is based on the accomplishment of others. In
this case, the knowledge needed for, and acquired after, one
search subtask is usually built on that of the previous ones.
The order of the subtasks in such a task is usually fixed.
These tasks are called dependent tasks in the study. This
study considers only these two simple and basic types of
subtask relationships for the purpose of easily detecting the
effects (or differences of the effects) of these two types of
tasks on search behaviors, and leaves other types of tasks to
future studies.

A user’s topic knowledge usually changes during the
search process (cf. Kuhlthau’s ISP model), which makes it
appealing to see if, and how, one’s topic knowledge can be
used as a significant factor for personalization. In addition
to the effect of topic knowledge on user behaviors, as has
been studied in the literature, this study also looks at the
interaction effect of the user’s topic familiarity and dwell
time on predicting document usefulness. This approach can
add knowledge to the related literature concerning how to
infer document usefulness from user’s behaviors and
contexts.

Specifically, this study attempts to answer the following
research questions:

RQ1. Can dwell time be used as a reliable indicator of docu-
ment usefulness?

RQ2. Does the stage of the user’s task help in interpreting
dwell time as an indicator of document usefulness?

RQ3. If the stage information helps in predicting document
usefulness from dwell time, does its role vary in different
task types?

RQ4. Does taking account of the user’s topic knowledge help
in interpreting dwell time as an indicator of document
usefulness?

RQ5. If the topic knowledge information helps in predicting
document usefulness from dwell time, does its role vary
in different task types?

Method

Operationalization of Task Stage

Several ways have been used in the literature to opera-
tionalize task stage, each having different levels of arbitrari-
ness and degrees of difficulty in dividing task activities. One
is to divide a task episode into different stages according to
the time elapsed, as is done by White et al. (2005). Another
way is based on Kuhlthau’s (1991) ISP theory that the
information-search process is a six-stage model including
initiation, selection, exploration, formulation, collection,
and presentation. However, the search activity may not be
easily, accurately, and necessarily divided into six stages. A
third way can be seen in some tasks with clear subtask
boundaries that can be easily divided into stages. A
“complex” work task that includes subtasks usually requires
task-doers to engage in many activities to accomplish it.
Task-doers may not be able to finish the task at once due to
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the complexity of the task, the limitation of the task-doer’s
time, efforts, and knowledge. Therefore, such tasks may
often be conducted in sessions.

Due to the ease of identifying task boundaries, the current
study employed the third approach using different subtasks
accomplished in different search sessions at different times.
It should be noted that this approach does not necessarily
contradict the ISP. In this case, for each subtask or the
overall task, the user may still have gone through the six-
stage ISP. The two methods just differ in that they are from
different perspectives with different criteria for separating
task stages.

Experimental Design

This experiment was conducted on a between-subjects
model. Twenty-four participants were recruited, alternately
assigned to one of the two three-session tasks, described
below. In this experiment, the three sessions were treated as
three stages in task completion.

Tasks

The study used journalists’ assignments as tasks. The
major reason for this was that they could be relatively easily
set as realistic tasks in different subject domains; another
was that we had access to a population at least somewhat
experienced in journalism. As mentioned earlier, among the
many facets in task type, this study focused on task struc-
ture. Task design varied the values of this facet only and kept
those of others as constant as possible.

Two tasks were used in the study: one was a parallel task,
in which the accomplishment of one subtask is not neces-
sarily based on that of others; the other was a dependent
task, in which the accomplishment of some subtask depends
on that of others. They both had three subtasks, each of
which was worked on by the participant during a single
session, with the three sessions representing the three stages
of the task. To maintain the consistency of other facets as
much as possible, the design took into account the following
considerations, which focused on two significant facets that
have been demonstrated (e.g., Li & Belkin, 2010) to influ-
ence user’s search behaviors: product and objective task
complexity. First, the task product was set as intellectual for
all three subtasks, specifically, each subtask asked the par-
ticipants to submit a report, which by its nature embedded
new ideas or findings (Li & Belkin, 2010). Second, the
objective complexity of the two tasks was roughly the same,
both being low complexity, using Li and Belkin’s (2008)
definition of task complexity. This meant that each subtask
of the two tasks could be actually finished by searching only
one type of information source. In addition, the two tasks
were in the same domain. The two tasks are described as
follows.

The parallel task. As a beat reporter for automobiles, you
want to write a feature story about cost-effective cars,

specifically, hybrid cars for low to mid-income level fami-
lies. You want to focus on three models of cars from auto
manufacturers that are famous for good warranties and fair
maintenance costs, and the three models are: Honda Civic
sedan, Toyota Camry sedan, and Nissan Altima sedan.

You want to write about the features of each of the three
models, including aspects such as: standard features and
specifications, safety, pricing, reviews, possible pictures,
and so on. You have three sessions to finish this assignment,
and you will need to finish the writing on one car in each
session. At the final session, you will need to integrate the
three reports.

The dependent task. As a beat reporter for automobiles,
you want to write a feature story about cost-effective cars,
specifically, hybrid cars for low to mid-income level fami-
lies. To do it, you need to learn what makes and models have
hybrid cars, what are their features, prices, and safety levels,
etc. Specifically, you will need to accomplish the following
activities:

Collect information on what manufacturers have hybrid
cars. You want to list the different models that are good for
mid-level income families. Select three models that you will
mainly focus on in this feature story. You want to introduce
their specific features that make you choose them out of
other models.

Compare the pros and cons of three models of hybrid
cars. You will have three sessions to finish this assignment.
You will need to finish one activity in each session, but the
order of the three sessions is up to you.

Subtask Orders

An assumption underlying the task description is that the
subtask order in the parallel task is not fixed, while that in
the dependent task is at least to some extent fixed. To main-
tain consistency, however, the experiment did not control the
order of subtasks, but rather chose to let the participants
determine the subtask orders that they wanted to follow.
Subtask orders that appeared in the task descriptions were
rotated following a Latin square design.

Participants

This study used journalists’ assignments as work tasks,
and accordingly the participants were recruited from those
who had certain knowledge and skills to deal with such
kinds of assignments. Participants in this study were
recruited from the Journalism/Media Studies and Commu-
nication undergraduate student community in the School of
Communication and Information (SC&I) at Rutgers Univer-
sity as a convenience sample. Recruitment was conducted
through sending recruitment emails to student listservs
and posting recruitment ads on post-boards in the SC&I
building.

Each participant was invited to come to our lab to work
on the assigned task three times within a 2-week interval,
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at their convenience. Each participant was given $30
upon completing the whole task. In order to encourage
participants to work on the assignment in a serious
manner, participants were told in advance that the six who
submitted the most detailed reports on the assignment,
as judged by an assessor, would each receive an additional
$20.

Data Collection

User-system interactions, including mouse movement,
keyboard activities, application displayed, web page
opened, were logged by Morae software (http://www
.techsmith.com/morae.asp). Various types of questionnaires
were used, including: background questionnaire to elicit
users’ background information, pre- and postsession general
task questionnaires to elicit their topic knowledge and per-
ceived difficulty of the general tasks, pre- and postsession
subtask questionnaires to elicit their topic knowledge and
perceived difficulty of the subtasks, as well as a usefulness
judgment questionnaire to elicit their usefulness judgment
ratings on all viewed documents.

Experiment Procedure

Participants came individually to our interaction lab to
take part in the experiment. Upon arrival in the first session,
they completed a consent form and the background ques-
tionnaire. They were then given a form describing the
general work task that they were assigned (either Parallel or
Dependent) to be accomplished in the whole experiment.
The presession task questionnaire specifying the topic was
then administered, and the participants were then asked to
pick one subtask to work with in the current session. The
presession subtask questionnaire followed, after which par-
ticipants were directed to IE 6.0 to work on that subtask:
searching for useful sources and writing reports. They were
given up to 40 minutes and were allowed to search freely on
the web for resources in their report writing. For logging
purposes, users were asked to keep only one IE window
open and use back and forward buttons to navigate between
web pages.

After report submission for the first session, participants
went through the process of evaluating, on a 7-point scale,
each document that they had viewed, in the order of viewing
them in the actual search process, with respect to its useful-
ness to the overall task (the usefulness evaluation question-
naire). The postsession subtask questionnaire and a
postsession general task questionnaire were then adminis-
tered. This ended the first session.

In the 2nd and the 3rd sessions, participants went through
the same processes except for the consent form and back-
ground questionnaire. In the 3rd session, after the postses-
sion general task questionnaire, the exit interview asked
them to reflect on their overall knowledge gain and to
comment on the whole experiment.

Results

Participants’ Characteristics

Of the 24 participants, 21 were female and 3 were male.
There were 10 seniors, six juniors, and eight sophomores.
Their ages varied between 18 and 23, with an average of 20.4
(standard deviation [SD] 1.3) years. On average, participants
had 8.4 years (SD = 2.9) of online searching experience.
They self-rated their levels of computer expertise as 4.6
(SD = 1.0), and levels of searching expertise as 5.4
(SD = 0.9), on a 7-point scale, 1 being for novice and 7 for
expert.

Various Types of Time at the Document Level

At the document level, dwell time measures the time that
a user spends on a retrieved document. In the current study,
since users were asked to generate reports based on their
information searching, they often wrote in a word process-
ing program in parallel with searching for information on
the web. Retrieved documents could be open for a long time
but not always be active, especially when the users were
writing. There is therefore a need to differentiate several
types of time on the document level, which we term dwell
time, display time, and decision time (Figure 2).

Dwell time. The time duration from each point when the
user starts viewing a document (usually when a document is
opened) to the point when the user leaves the document (the
user may close the document, or he/she may leave the docu-
ment while it is open and go to another application). Each
dwell time is the time that a user dwells on the document, or
in other words, that a document is active for the user to read.
This is denoted “a” in Figure 2.

Total dwell time. The sum of all dwell times that a user
interacts with a document.

Display time. The total duration of a document between
when it is opened to when it is closed. This is the total time
that the document remains open, no matter if it is active, that
is, if the user views it or not, after it is opened. It is possible
that a document was opened multiple times in an experiment
session, so one document could have multiple display times
at different points. This is denoted “d” in Figure 2.

Total display time. The sum of all display times for a
document that is revisited during a session.

Decision time. The first dwell time a user spends in a
document. This time is called decision time in the current
study in the sense that by the end of this duration, the users
would typically have made some internal decision on the
usefulness (being useful or not, or to use the document or
not) of the document. For example, opening a new document
or going to an existing document and starting writing most
likely means that the web page that the user has just viewed
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was useful; leaving a web page and going back to the search
result page (to refine queries or open another search result)
perhaps means that the page just viewed was not useful. This
is denoted “b” in Figure 2.

Among all the aforementioned types of time, total display
time, total dwell time, and decision time best
represent the features (e.g., usefulness) of a certain docu-
ment across the whole session and so they were used for
analysis.

Transformation of time. An exploration of the time distri-
butions found that they are not normal. For example,
Figure 3 shows the distribution of total display time in both

tasks combined. In order to adjust these distributions and to
improve the interpretability of results on relationships
between factors, a logarithmic transformation was per-
formed using the log base of 10, as has been previously done
in the literature (e.g., Kelly, 2006b). Figure 4 shows the
distributions of total display time under this transformation
in both tasks combined, which were much more bell-shaped,
even though some were not perfectly normal.

Usefulness Rating Scores and Grouping

Document usefulness in this study was obtained at the
end of each session by asking the users to rate, based on a

FIG. 2. Different types of time. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

FIG. 3. The distribution of total display time in both tasks combined. [Color figure can be viewed in the online issue, which is available at
wileyonlinelibrary.com.]
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7-point Likert scale, how useful the document was for
accomplishing the task. The 7-point scale was appropriate
for collecting user assessments (Tang, Shaw, & Vevea,
1999), but could be too fine-grained for a system in algo-
rithms and calculation. Therefore, document usefulness was
collapsed into fewer groups in a manner similar to what was
used in White and Kelly (2006), who collapsed the original
7-point scores elicited from user ratings into three groups:
not-useful, mid-useful, and highly useful, based on the
examination of the distribution of responses to the question.
For example, Figure 5 shows the distribution of the original
usefulness data in both tasks. From this distribution, it is
reasonable to combine scores 1–2 into a not-useful group,
3–5 into a mid-useful group, and 6–7 into a highly useful
group. Figure 6 shows the distribution after grouping, where
the three groups were quite balanced. In the following part
of this subsection, unless specified, usefulness is denoted as
the grouped usefulness.

Results Related to Time, Stage, and Usefulness

The RQs ask about the relationships among time, stage,
and usefulness; and those among time, knowledge, and use-
fulness. The general linear model (GLM) test (Madsen
& Thyregod, 2011) was used for statistical examination
for the RQs because it can detect interaction effects
between/among variables, in addition to the main effects of

independent variables on dependent variables. In the analy-
sis, time was used as dependent variable, and stage, knowl-
edge, and usefulness were used as independent variables.

This subsection reports the results for RQs 1, 2, and 3. In
the analysis, we looked at both tasks combined, and each
task individually, to detect if there were differences in the
relationship patterns when task type is known or not, and for
different tasks.

Both tasks combined. For total display time, the results
(Table 1) show that there was a significant main effect of
usefulness, meaning that the relation between usefulness
and total display time was significant, and therefore total
display time could be a reliable indicator of document use-
fulness. There was also a significant main effect of stage. In
addition, there was a significant interaction effect between
stage and usefulness, meaning that the patterns of the rela-
tion between usefulness and total display time varied across
stages.

For total dwell time, usefulness was found to have a
significant main effect, meaning that usefulness and total
dwell time had a significant relationship, and total dwell
time could be a reliable indicator of document usefulness.
The relation between time and stage was not significant, nor
was the relation between time and the interaction of useful-
ness and stage. In fact, in stages 2 and 3 the relationship
patterns were almost identical.

FIG. 4. The distribution of log(10) total display time in both tasks combined. [Color figure can be viewed in the online issue, which is available at
wileyonlinelibrary.com.]
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FIG. 5. The distribution of original usefulness data in both tasks combined. [Color figure can be viewed in the online issue, which is available at
wileyonlinelibrary.com.]

FIG. 6. The distribution of combined usefulness data in both tasks combined. [Color figure can be viewed in the online issue, which is available at
wileyonlinelibrary.com.]
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For decision time, the results show that neither stage nor
usefulness had a main effect on time, meaning that the
relationship between time and usefulness or that between
time and stage was not significant. Nevertheless, there was a
significant interaction effect between usefulness and stage
on the log(10) of decision time. The patterns of decision
time in the three stages were very different. In stage 1,
decision time for mid-useful documents was the lowest, but
users spent more decision time on not-useful documents,
and even more time on highly useful documents. However,
in stage 2, the pattern was exactly reversed. The decision
time for mid-useful documents was the longest, followed by
that for highly useful documents, and then the not-useful
documents. In stage 3, decision time for both not-useful and
highly useful documents was shorter than that for mid-
useful documents.

In the dependent task. For total display time, the results
show that usefulness had a main effect, stage did not show a
significant main effect; and there was no significant interac-
tion effect between stage and usefulness on log(10) of total
display time.

For total dwell time, the results show that usefulness had
a significant main effect on log(10) of total display time,
stage did not have a significant main effect, and the interac-
tion between stage and usefulness did not show a significant
effect. Figure 7 shows that the total display time patterns in
stage 2 and stage 3 were almost identical.

For decision time, usefulness showed a significant main
effect on log(10) of decision time, meaning that the relation
between usefulness and log(10) of decision time was sig-
nificant. This shows that the longer the decision time the
more likely that the documents were useful. However, stage
did not have a significant main effect, nor was there a sig-
nificant interaction effect between stage and usefulness on
decision time.

In the parallel task. For total display time, the results show
that usefulness had a significant main effect on log(10) of
total display time, stage did not have a significant main
effect, and the interaction between stage and usefulness did
not show a significant effect.

For total dwell time, the results show that usefulness had
a significant main effect, stage did not have a main effect;
nor was there a significant interaction effect between stage
and usefulness on total dwell time.

For decision time, neither usefulness nor stage was found
to have a significant main effect. However, the interaction
between stage and the combined usefulness was significant.

Summary. From Figure 7, one can see that decision time
had very different patterns than the other two types of
time, with which usefulness had a positive correlation.
From Table 1, one can further see that the effects of stage
and usefulness also varied for different types of times, as
well as in different task types. As for usefulness, it always
showed a significant main effect on both the total display
time and the total dwell time. For decision time, the effect
of usefulness is as follows. In the dependent task, useful-
ness showed a significant main effect on decision time. In
the parallel task and in both tasks combined, usefulness did
not show a main effect on decision time; instead, there was
an interaction effect of stage and usefulness on decision
time.

In terms of the effect of stage, in the dependent task,
stage did not show any effects on any types of time.
However, in the parallel task, stage showed an interaction
effect (with usefulness) on the decision time. In both tasks
combined, for the total display time, stage showed both
main effect and interaction effect (with usefulness); for the
decision time, stage showed interaction effect (with useful-
ness) on the decision time.

Topic Knowledge

Knowledge variables elicited and used in analysis. Topic
knowledge in this study was measured by the user’s self-
assessed familiarity on the topic based on a 7-point scale. In
the experiment, users’ familiarity degrees with the general
task were evaluated both before and after each session, and
both for general tasks and subtasks. This generated four
scores about topic knowledge: pre- and postsession general
task topic knowledge, and pre- and postsession subtask topic
knowledge.

TABLE 1. Summary of the F(p) values of stage and usefulness (results of GLM analyses).

Task Type of time Stage Usefulness Stage*usefulness

In both tasks combined Log(10) total display time 4.150 (.016) 123.779 (.000) 2.658 (.032)
Log(10) total dwell time 1.682 (.187) 75.402 (.000) .817 (.514)
Log(10) decision time .326 (.722) 2.158 (.116) 3.619 (.006)

Dependent task Log(10) total display time 1.959 (.142) 63.404 (.000) 1.905 (.108)
Log(10) total dwell time 1.290 (.276) 35.225 (.000) .829 (.507)
Log(10) decision time .790 (.454) 3.336 (.036) 1.572 (.180)

Parallel task Log(10) total display time 2.402 (.092) 61.110 (.000) 1.393 (.236)
Log(10) total dwell time .477 (.621) 40.781 (.000) .425 (.791)
Log(10) decision time .449 (.639) .140 (.869) 2.478 (.043)

Note. Those in bold were statistically significant. The p values are in parentheses.
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For the purpose of helping interpret time as an indicator
of document usefulness, so that the system might help
users in their search, it seems to make the most sense to
use the presession topic knowledge. In addition, general
task topic knowledge measured users’ knowledge increase
of the same overall task, but subtask topic knowledge in
the three stages measured users’ knowledge of the different
subtasks. Since users in the study worked with a multises-
sion task, it is natural to consider their knowledge of the
whole task. Therefore, only the presession general task
topic knowledge was used in investigating the relationship
of general task topic knowledge with document usefulness
and time.

Topic knowledge in three stages and two tasks. Table 2
shows the comparison data of pre- and postsession general
task topic knowledge across three stages. Figure 8 depicts
the change of presession general task topic knowledge
across three stages. As can been seen, knowledge levels
increased across stages when both tasks were combined and
in each task individually. At stage 3, knowledge levels had
significantly improved over those at stage 1.

Grouping knowledge scores. Just as was done for the use-
fulness scores, knowledge scores were also combined into
fewer groups since it is appropriate for the system to differ-
entiate user knowledge based on three levels: not familiar

FIG. 7. Relations of time, usefulness, and stage. (a) In both tasks combined: Log(10) total display time. (b) In both tasks combined: Log(10) total dwell
time. (c) In both tasks combined: Log(10) decision time. (d) In the dependent task: Log(10) total display time. (e) In the dependent task: Log(10) total dwell
time. (f) In the dependent task: Log(10) decision time. (g) In the parallel task: Log(10) total display time. (h) In the parallel task: Log(10) total dwell time.
(i) In the parallel task: Log(10) decision time. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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(little knowledge; the original familiarity ratings 1–2),
somewhat familiar (some knowledge; the original familiar-
ity ratings 3–5), and very familiar (much knowledge; the
original familiarity ratings 6–7). In the rest of this section,
unless specified, usefulness and topic knowledge refer to
grouped usefulness and grouped topic knowledge.

Results Related to Time, Topic Knowledge, and Usefulness

This subsection reports results answering RQs 1, 4, and
5. Again, we looked at all tasks combined, as well as each
task individually to detect if there were differences in the
relationship patterns in different tasks.

Both tasks combined. For total display time, as Figure 9
indicates, usefulness was found to have a significant main
effect, meaning that the relation between usefulness and
log(10) of total display time was significant, that is, the more
useful the documents, the longer the total display time.
Topic knowledge did not have a significant main effect on
log(10) of total display time. However, the interaction effect
between topic knowledge and usefulness was significant,
meaning that the relationship patterns of usefulness and total
display time varied according to different levels of topic
knowledge.

For total dwell time, usefulness showed a significant
main effect, but topic knowledge did not. There was also a
significant interaction effect between usefulness and topic
knowledge.

For decision time, although usefulness had a significant p
value (.042) (Table 3), a closer examination in the post-hoc
analysis detected that the three levels of usefulness scores
did not actually have any differences. Topic knowledge
showed a significant main effect on log(10) of decision time.
In addition, there was a significant interaction effect
between usefulness and topic knowledge on log(10) of deci-
sion time.

These findings indicate that, if topic knowledge is not
considered, all users seemed to have equally quickly deter-
mined the usefulness of retrieved documents that had differ-
ent levels of usefulness. However, when considering
different levels of topic knowledge, users with different
levels of knowledge spent variable time judging the useful-
ness of the documents.

In the dependent task. For total display time, usefulness
showed a significant main effect; topic knowledge did not
show a significant main effect; and there was no significant
interaction effect between knowledge and usefulness.

For total dwell time, usefulness showed a significant
effect, but topic knowledge did not. The interaction between
usefulness and knowledge did not show a significant effect
either.

For decision time, as what was found above with regard
to total display time or total dwell time, usefulness had a
significant main effect. Topic knowledge did not have a
significant main effect on decision time. The interaction
between topic knowledge and usefulness did not show a
significant effect on decision time either.

In the parallel task. For total display time, usefulness
showed a significant main effect; topic knowledge did not
have a significant main effect; and the interaction between
usefulness and knowledge had a significant effect on total
display time, meaning that the relation between usefulness
and total display time varied across different levels of topic
knowledge.

For total dwell time, usefulness showed a significant
main effect; topic knowledge did not show a significant main
effect; and the interaction between usefulness and knowl-
edge showed a significant effect.

For decision time, unlike the previous results for total
display time and total dwell time, usefulness did not appear
to have a significant main effect on decision time, but topic
knowledge did. The interaction effect between usefulness
and knowledge on decision time was marginally significant.

Summary. As can be seen from the results, significant rela-
tionships were found between usefulness and total display
time, as well as usefulness and total dwell time in all types
of tasks. Topic knowledge had a significant relationship with
decision time in both tasks combined and in the parallel task,

TABLE 2. Mean and standard deviation of presession general task topic
knowledge in two types of tasks at 3 stages.

Task Stage 1 Stage 2 Stage 3 F(p)

Dependent 2.33 (1.073) 3.58 (1.443) 4.08 (1.676) 4.84 (.014)
Parallel 3.17 (1.801) 4.00 (1.651) 5.42 (1.730) 5.20 (.011)
Total 2.75 (1.511) 3.79 (1.532) 4.75 (1.800) 9.16 (.000)

FIG. 8. Presession general task knowledge at three stages in two tasks.
[Color figure can be viewed in the online issue, which is available at
wileyonlinelibrary.com.]
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FIG. 9. Relations between time, topic knowledge, and usefulness. (a) In both tasks combined: Log(10) total display time. (b) In both tasks combined:
Log(10) total dwell time. (c) In both tasks combined: Log(10) decision time. (d) In the dependent task: Log(10) total display time. (e) In the dependent task:
Log(10) total dwell time. (f) In the dependent task: Log(10) decision time. (g) In the parallel task: Log(10) total display time. (h) In the parallel task: Log(10)
total dwell time. (i) In the parallel task: Log(10) decision time. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

TABLE 3. Summary of the F(p) values of topic knowledge and usefulness (results of GLM analyses).

Task Type of time Topic knowledge Usefulness Topic knowledge*usefulness

In both tasks combined Log(10) total display time 1.314 (.269) 123.112 (.000) 3.050 (.016)
Log(10) total dwell time .102 (.903) 76.114 (.000) 3.501 (.008)
Log(10) decision time 4.498 (.011) 3.170 (.042) 3.039 (.017)

Dependent task Log(10) total display time 2.252 (.106) 60.574 (.000) 1.345 (.252)
Log(10) total dwell time .751 (.472) 29.806 (.000) 1.865 (.115)
Log(10) decision time 1.097 (.335) 3.312 (.037) .940 (.440)

Parallel task Log(10) total display time .895 (.410) 65.704 (.000) 3.938 (.004)
Log(10) total dwell time 1.478 (.229) 51.787 (.000) 4.688 (.001)
Log(10) decision time 4.666 (.010) .880 (.415) 2.302 (.058)

Note. Those in bold were statistically significant. The p values are in parentheses.
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but not in the dependent task. Significant interaction effects
between usefulness and topic knowledge were found on all
types of time in the parallel task, as well as in both tasks
combined, but not in the dependent task. These results indi-
cate that in the dependent task, any of the three types of time
can be a reliable indicator of document usefulness without
consideration of topic knowledge. However, in the parallel
task and in both tasks taken together, any of the three types
of time only cannot be a reliable indicator of document
usefulness. Taking topic knowledge into consideration does
help in interpreting these times as indicators of usefulness.

Comparison Between the Roles of Task Stage and
Topic Knowledge

Descriptive comparison. Since the roles of task stage and
topic knowledge appeared in both tasks combined and the
parallel task, this section compares their roles in these two
settings. When considering both tasks together, for not-
useful documents, users in stage 2 had shorter decision times
but those in stages 1 and 3 had longer decision times. Users
with little or much topic knowledge had shorter decision
times than those with some knowledge. This seems to indi-
cate that in determining a document’s usefulness when it
was not-useful there was a correspondence between stage 2
and knowledge levels 1 and 3 (shorter decision time), and a
correspondence between stages 1 and 3 and knowledge level
2 (longer decision time). Those with either little or much
knowledge make the decision rather quickly, just the same as
people in stage 2. On the other hand, those with some knowl-
edge took a long time to make the decision, just as people in
stage 1 or stage 3.

For mid-useful documents, in stage 1 users had the short-
est decision time; in stage 2 they had the longest decision
time; in stage 3 the decision time was in between that in
the other two stages. Meanwhile, people with different
levels of topic knowledge did not seem to differ in decision
time.

For highly useful documents, in stage 1 users spent a long
time to make a usefulness decision, in stage 2 they spent less
time, and in stage 3 they spent very little time. However,
those with some or little knowledge took a long time to make
a usefulness decision, but those with much knowledge took
a very short time to make a usefulness decision. This seems
to indicate that in making a usefulness judgment when it was
actually highly useful, there was a correspondence between
stage 1 and knowledge levels 1 and 2 (long decision time),
and stage 3 and knowledge level 3 (short decision time).
Those with much knowledge made the decision rather
quickly, just the same as people in stage 3. On the other
hand, those with only some or little knowledge took a long
time to make the decision, as people in stage 1.

In the parallel task, the patterns were a bit different than
those in both tasks together. For not-useful documents, in
stage 2 users had the shortest decision time; in stage 3 they
had the longest decision time; while in stage 1 their deci-
sion time was in between that in stages 1 and 3. Those

with little or much knowledge had shorter decision time,
and those with some knowledge had longer decision time.
This seems to indicate that in making a usefulness judg-
ment when it was actually not useful, there was a corre-
spondence between stage 2 and knowledge levels 1 and 3
(short decision time), and stage 3 and knowledge level 2
(long decision time). Those with either little or much
knowledge make the decision rather quickly, just the same
as people in stage 2. On the other hand, those with some
knowledge took a long time to make the decision, as
people in stage 3.

For mid-useful documents, in stage 1 users had a
shorter decision time, but in both stages 2 and 3 they had
longer decision times. Users with little knowledge had a
shorter decision time, and those with at least some knowl-
edge had a longer decision time. This seems to indicate
that in making a usefulness judgment when it was actually
mid-useful, there was a correspondence between stage 1
and knowledge level 1 (shorter decision time), and stages 2
and 3 and knowledge levels 2 and 3 (longer decision time).
Those with little knowledge made the decision rather
quickly, just the same as people in stage 1. On the other
hand, those with at least some knowledge took a long time
to make the decision, as people in stages 2 and 3.

For highly useful documents, in stage 1, users had a
very long decision time, but in stages 2 and 3 they had a
short decision time. Users with only some or even little
knowledge had long decision time, but those with much
knowledge had short decision times. This seems to indicate
a correspondence between stage 1 and knowledge levels 1
and 2 (long decision time), and stages 2 and 3 and knowl-
edge levels 3 (short decision time). This seems to indicate
that in making a usefulness judgment when it was actually
highly useful, there was a correspondence between stage 1
and knowledge levels 1 and 2 (long decision time), and
stage 3 and knowledge level 3 (short decision time). Those
with much knowledge make the decision rather quickly,
just the same as people in stage 3. On the other hand, those
with only some or little knowledge took a long time to
make the decision, as people in stage 1.

Further comparison in a GLM model. Further analysis
using the GLM model was conducted to confirm these find-
ings and to compare the factors considered in RQ2, that is,
knowledge, with that in RQ1, that is, stage. Since both topic
knowledge and stage showed effects only when decision
time was considered but not the other two types of time,
this analysis only looks at decision time. The results show
that when both task stage and task familiarity were consid-
ered, stage did not appear to be a significant factor, nor did
task familiarity. Usefulness did not either. However, the
interaction of usefulness and task familiarity (i.e., topic
knowledge) had a significant effect, F(4, 988) = 2.425,
p < .05, but not the interaction of stage and usefulness. This
seems to suggest that presession task familiarity plays a
more significant role than task stage in interpreting decision
time as an indicator of usefulness.
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Discussion and Implications

Three Types of Time and Their Use in Modeling Users and
Personalizing Search

The current study identified and used three types of time:
total display time, total dwell time, and decision time. Pre-
vious research has only used dwell time or display time to
represent the duration that a web page is displayed for a user
to view, with no consideration of how long a specific web
page is viewed at different times in a given period. Also,
previous studies have not differentiated between the time
that a document was viewed by the users (i.e., total dwell
time) and the time that a document was opened, even though
it was not viewed (i.e., total display time), possibly because
they were rarely conducted in the context of doing a task
with an output other than finding documents.

Among the three types of time identified in the current
study, total display time and total dwell time were both
measured at a whole-session level and thus cannot be cap-
tured until a session is finished. Although in a multisession
task, at the end of a session, these two types of time can be
captured and may then be used to personalize search in the
following sessions, they cannot be used for personalizing
search for the ongoing session. On the other hand, decision
time can be captured at a much earlier phase in a session and
therefore can be used for adapting search for the current
session, in addition to adapting search in the following ses-
sions. Detailed discussion about how each type of time can
be used is presented in the following sections.

Time, Task Stage, and Document Usefulness:
The Stage Model

This section discusses the use of time as an indicator of
usefulness when stage is considered in the GLM model,
simplified as the stage model.

Time as an indicator of usefulness. As was found when
both tasks were combined, those documents that had longer
total display time or total dwell time were more likely to be
useful. This is reasonable, considering that when working
with their tasks, users often moved back and forth between
reading useful documents and writing reports, and the length
of total dwell time and total display time of those documents
which were more useful was therefore increased. These
findings indicate that when task type was not specified, both
total display time and total dwell time were rather reliable
indicators of document usefulness. Meanwhile, when task
type was not specified, decision time alone could not be used
as a reliable indicator of document usefulness.

In the dependent task, each of the three types of time
appeared to be reliable indicators of document usefulness.
Simply put, the findings were that the longer the time (any
type), the more useful the document was. For total dwell
time, this could be explained by the same point as that for
both tasks considered together (see the preceding para-
graph), that for the useful documents, users kept referring

back to them when they wrote the reports so that the total
dwell time of such documents was prolonged. For total
display time, this could be explained by the observation
that in the dependent task, even when the users did not read
the documents, for example, when they were writing the
reports, if the documents were more useful, users still left
them open, which extended their total display time. For
decision time, this finding was that the longer the users
spent on the document before leaving it for the first time
after the documents was opened, the more useful the docu-
ment was. This could be explained by the fact that in the
dependent task, for more useful documents, the users prob-
ably needed to read longer to get the useful pieces in the
document before starting to use them in writing the reports.
Possible reasons for this may be that they had little knowl-
edge of the documents (see more in the next paragraph
about the parallel task).

By contrast, in the parallel task, total display time and
total dwell time were shown to be reliable indicators of
usefulness, but decision time was not. Possible explana-
tions for the findings on total display time and total dwell
time in the parallel task could be the same as those in the
dependent task, namely, that the users kept referring back
during their writing to the more useful documents (pro-
longed total dwell time), and that they left the more useful
documents open when they wrote the reports (prolonged
total display time). Concerning decision time, the finding
was that users did not necessarily spend a longer time on
more useful documents before leaving them the first time
after the documents were opened. This could be explained
by the fact that, in the parallel task, users may have already
obtained some knowledge of the documents in previous
sessions, so that they did not need to spend time getting
familiar with the documents.

To sum up, total dwell time and total display time were
shown to be reliable indicators of document usefulness in
both tasks combined, and in either the parallel or the
dependent task. However, decision time as a single indica-
tor of usefulness only worked in the dependent task. Given
the aforementioned limitation of total dwell time and total
display time, using time as a reliable indicator of usefulness
to personalize for the current session can only be applied in
the dependent task, when decision time alone is used.
Table 4 is a summary of the indicators of usefulness in the
stage model.

Stage as a helpful contextual factor in inferring usefulness
from time. As can be seen from Table 4, in both tasks
combined, stage appears to have a significant interaction
effect with usefulness on time. This means that stage played
a role in interpreting time as an indicator of document use-
fulness without regard to task type. The role of task stage in
both tasks combined could be due to the strong influence of
the parallel task.

In the parallel task, it was found that decision time alone
cannot be a reliable indicator of document usefulness;
however, when task stage information is also considered, it

74 JOURNAL OF THE ASSOCIATION FOR INFORMATION SCIENCE AND TECHNOLOGY—January 2015
DOI: 10.1002/asi



can. One possible explanation of this role of task stage in
helping interpret decision time as an indicator of usefulness
could be that, in the parallel task, subtask topics changed
across stages, but subtask patterns did not, and users were
dealing with roughly the same things (e.g., exterior and
interior features, performance, safety, prices, and colors) on
different car models. Users were very likely to have gained
some knowledge of subtasks, or come across the same docu-
ments (or similar documents in the same websites) in later
stages, which may greatly reduce their time spent on decid-
ing the usefulness of these documents (i.e., decision time).

In the dependent task, however, knowledge of stage did
not seem to contribute to the informative value of any of the
three types of time. An explanation of why stage did not play
a role in the dependent task could possibly be that in the
dependent task, not only were subtask topics different, but
subtask patterns were also different. This is different from
the case in the parallel task, as explained in the preceding
paragraph. In the dependent task, the users were dealing
with quite different types of subtasks in the three sessions,
and they most likely looked at different web pages on dif-
ferent websites. Users would not have gathered knowledge
over stages that may have changed the time that they needed
to spend on determining the usefulness of the documents
(decision time), on reading the documents (total dwell time),
or on keeping the document display (total display time).

In sum, task stage was found in this study to be a signifi-
cant factor that may help interpret time as an indicator of
usefulness. When no task information was specified, task
stage was found to help interpret total display time as an
indicator of usefulness. This finding can be used for subse-
quent search/work sessions on the same task, although it
cannot be applied to the ongoing session due to the limita-
tion that total display time cannot be captured until the end
of a session. In addition, task stage was found to help in
interpreting decision time (which can be captured within the
session) as an indicator of usefulness, which can be used for
personalization in the current session. This role of task stage
seems to be due to its strong influence in the parallel task,
where task stage helped interpret decision time as an indi-
cator of usefulness. These findings can help personalize
search for specific users in that decision time can be a
reliable indicator of document usefulness given the task
stage (and task type) information.

Task type as a helpful contextual factor in inferring useful-
ness from time. Generally speaking, our most important
finding is that when interpreting decision time as an indi-
cator of document usefulness, in the dependent task, task
stage did not actually play a role, but in the parallel task,
it did. The possible explanation is that in the dependent
task, subtasks that the users worked with in the three ses-
sions were different, not only in their topics, but also in the
subtask patterns. However, in the parallel task, subtasks
that the users worked with in the three sessions were dif-
ferent only in their topics; they had the same subtask pat-
terns, and users only changed car models across sessions,
but they worked on the same or similar aspects including
cars’ exterior or interior features, performance, safety, etc.
It is possible that users gained knowledge across stages in
the parallel task on the usefulness of some documents or
types of documents, and hence, their decision time on
useful documents in later stages was reduced; while in the
dependent task, users would not have gained such knowl-
edge, hence their decision time remained the same across
stages.

When there is no task information specified, that is, in both
tasks combined, stage also played a role when decision time
is used for personalization. This is due to, we think, the strong
role of task stage in the parallel task. Although inferring
document usefulness based on decision time and stage still
works in the absence of task type information, taking it into
account should be able to increase the interpretation accu-
racy, that is, the overall correctness of usefulness prediction.

What also needs to be mentioned is that if total display
time were to be used for personalizing search for subsequent
sessions, stage was also found to play a role when no task type
information was specified. Interestingly, this role did not hold
true in each individual task. This again indicates that task type
information is important in order to accurately interpret total
display time as an indicator of document usefulness from
total display time.

Time, Topic Knowledge, and Usefulness:
The Knowledge Model

This section discusses the use of time as an indicator of
usefulness when knowledge is considered in the GLM
model, simplified as the knowledge model.

TABLE 4. Summary of indicators of usefulness in the stage model.

Time type
Role as indicator of

usefulness

Applicable task type

Applicable sessionsBoth Dependent Parallel

Total display time Single √ √ √ Following
With stage √ Following

Total dwell time Single √ √ √ Following
With stage Following

Decision time Single √ Current
With stage √ √ Current
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Time as an indicator of usefulness. In general, it was found
that all three types of time as indicators of usefulness in the
topic knowledge model were consistent with those in the
stage model. Table 5 is a summary of the indicators of docu-
ment usefulness when topic knowledge was considered in
the model.

Topic knowledge as a helpful contextual factor in inferring
usefulness from time. Although in the dependent task,
topic knowledge did not seem to play any role in interpreting
any of the three types of time as indicators of usefulness, in
the parallel task and in both tasks combined, topic knowl-
edge was found to have played a significant role.

In the parallel task, for highly useful documents, those
users with high levels of topic knowledge viewed the docu-
ments (i.e., total dwell time) or had them displayed (i.e.,
total display time) for less time than those with medium
level of knowledge, and than those with low level of knowl-
edge. A possible explanation could be that users with higher
levels of knowledge knew where to look and how to use the
useful pieces in the useful documents in their writings (the
writing process was going on in parallel with document
reading) so that the total dwell time and total display time of
useful documents of this group of people was shorter. In
addition, for highly useful documents, users with high levels
of topic knowledge made decisions about document useful-
ness (i.e., decision time) very quickly, while those with
medium and low levels of knowledge did this relatively
slowly. This can be explained, at least in part, by the fact that
users with higher levels of knowledge knew whether or not
the document was useful, which part(s) of the document was
useful, and how to use the useful information before they
started to write using these pieces of information.

When task type was not specified, findings were similar
to those in the parallel task. Again, this means that the
parallel task had a great impact on the combined group, so
that the findings still hold true even when the dependent task
was also included in analysis.

These findings indicate that in the parallel task, or when
task type was not specified, topic knowledge played a sig-
nificant role in interpreting all three types of time as indica-
tors of document usefulness, especially from decision time
(when time only was not able to reliably infer usefulness).
The role of topic knowledge in inferring usefulness when

total display time and total dwell time are used can be
applied to the subsequent search/work sessions but not to the
ongoing session. The role that topic knowledge plays in
inferring usefulness from decision time can be applied to
both the subsequent sessions and the ongoing session since
decision time of a page can usually be captured in an early
phase of a session.

Task type as a helpful contextual factor in inferring useful-
ness from time. Regarding task type, our results had a
similar pattern in the knowledge model as in the stage
model, that in the dependent task, topic knowledge did not
help interpret usefulness using time, but it did in the parallel
task. The explanation to this would be similar as in the
stage model too, that users become more knowledgeable
about web page patterns in the parallel task, but not in the
dependent task. Again, it is important to know task type
information in order to better infer document usefulness
from time.

Comparison of the Roles of Task Stage and Topic
Knowledge in Interpreting Time as an Indicator
of Usefulness

Both could help, in general. The results showed that task
stage and topic knowledge were both found to have the
potential to help infer document usefulness from time in
general. Both were found to help in the parallel task or when
no task type information was specified but not to the depen-
dent task. Both were found to have especially significant
relationships when decision time was considered with
respect to usefulness, under which situations time only
cannot be used to infer usefulness at all. Recall that users’
topic knowledge was found to increase with stage, which
meant that these two factors were positively correlated to
some degree, so it is reasonable to see that they both could
help in general.

Examining their potential in detail. Although task stage
and topic knowledge were both found to be potentially
important in interpreting time as an indicator of document
usefulness, the roles they played were not always the same
when considering the specific values of these two variables.
In other words, it is not the case that stage 1 corresponded to

TABLE 5. Summary of indicators of document usefulness in the topic knowledge model.

Time type
Role as indicator of

usefulness

Applicable task type

Applicable sessionsBoth Dependent Parallel

Total display time Single √ √ √ Following
With topic knowledge √ √ Following

Total dwell time Single √ √ √ Following
With topic knowledge √ √ Following

Decision time Single √ Current
With topic knowledge √ √ Current
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topic knowledge level 1, stage 2 to topic knowledge level 2,
and stage 3 to knowledge level 3.

As the results in Tables 6 and 7 show, in either the parallel
task or when task type was not specified, when decision time
was used, task stage 3 and topic knowledge level 3 appeared
to have very similar roles in helping infer usefulness from
time. Specifically, in stage 3 or when the user had much
topic knowledge, decision time was short for not-useful
documents, it increased for mid-useful documents, and it
dropped down for highly useful documents to a similar or
lower decision time for not-useful documents. This could be
explained by the fact that stage 3 corresponded to topic
knowledge level 3. In other words, in stage 3 users should
have a high level of topic knowledge. This was supported by
the observation of frequencies of knowledge levels in three
stages, as shown in Tables 6 and 7, and Figure 10.

Nevertheless, both in the parallel task and when task type
was not specified, stages 1 and 2 and knowledge levels 1 and
2 did not correspond as well as stage 3 and knowledge level
3 did. Observation of knowledge levels’ distributions at
stages showed that in the parallel task and in both tasks
combined, in stages 1 and 2, there was not a single dominant
knowledge level. In the parallel task, in stage 1, knowledge
levels 1 and 2 had the same frequencies (n = 64), which were
descriptively but not statistically significant higher than
level 3 (n = 48) (Table 6: frequency of knowledge levels by
task stages in the parallel task). In stage 2, both knowledge
levels 2 (n = 78) and 3 (n = 52) had higher frequencies than
level 1 (n = 11) (p < .001). The observations indicate that in
stage 1, users’ knowledge levels basically evened out, with
roughly equal numbers of users with little, medium, and
much topic knowledge (levels 1, 2, and 3); in stage 2, most
of them already had medium or more knowledge (levels 2
and 3), by stage 3, most of them had much knowledge (level
3). So the role of task stage and topic knowledge in helping
infer usefulness does not match by the stage and knowledge
level values.

When task type was not specified, in stage 1, knowledge
levels 1 (n = 191) and 2 (n = 161) had similar frequencies,
which were statistically higher than level 3 (n = 48)
(p < .001). In stage 2, knowledge levels 2 (n = 142) and 3
(n = 111) had higher frequencies than level 1 (n = 73)
(p < .001). The observations basically indicated that in stage
1, most users had little or medium topic knowledge (levels 1
and 2), until stage 2, most of them already had medium or
more knowledge (levels 2 and 3), by stage 3, most of them
had much knowledge (level 3). So again, the role of task
stage and topic knowledge in helping infer usefulness was
not exactly the same match by values.

Further comparison of their roles. The results when both
task stage and topic knowledge were considered in GLM
analyses (Table 8) indicate that task stage did not play a
significant role any more, but topic knowledge did. This
could be interpreted that topic knowledge could play a more
significant and maybe more accurate role than task stage in

TABLE 6. Frequency of knowledge levels by task stages in the parallel
task.

Stage

Presession topic knowledge level

1 2 3

1 64 64 48
2 11 78 52
3 8 21 104

TABLE 7. Frequency of knowledge levels by task stages in both tasks
combined.

Stage

Presession topic knowledge level

1 2 3

1 191 161 48
2 73 142 111
3 19 77 171

FIG. 10. Frequency of knowledge levels by task stages in two tasks.
[Color figure can be viewed in the online issue, which is available at
wileyonlinelibrary.com.]

TABLE 8. The effects of stage, knowledge, and usefulness on decision
time (results of GLM analysis).

Variables F p

Usefulness 2.760 .064
Stage .195 .823
Knowledge 1.956 .142
Usefulness*stage 1.790 .129
Usefulness*knowledge 2.425 .047
Stage*knowledge .941 .440
Usefulness*knowledge*stage 1.835 .087
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helping infer usefulness. If information about both users’
topic knowledge and task stage is available, then it would
be good to use topic knowledge to personalize search.
However, if only one of them is available, it should also
be good to use that information, either the stage or topic
knowledge.

Implications for System Design

Our findings have implications for personalization
system design. Time as a user behavior can be easily
detected by the system, and stage or knowledge may well be
detectable, too, as explained later in this section. It is hoped
that task type can also be learned through means that will be
discussed. Using these types of information, systems could
make relatively accurate predictions on the usefulness of
documents that searchers have interacted with, based on the
findings of this study.

If a personalization system based on dwell time of some
sort does not consider stage information, it would have a
single threshold criterion across all stages for not useful,
somewhat useful, and very useful documents. For instance,
based on our results, a system might simply classify those
with a decision time of less than 10 seconds (the average
time length of not-useful documents in both tasks com-
bined) as not-useful documents, those with decision time
of longer than 11.2 seconds (the average time length of
high-useful documents in both tasks combined) as highly
useful, and those in between as mid-useful. However, if the
system knows that the task is parallel, when taking stage
information into consideration, the system would set dif-
ferent thresholds at different stages. For example, at stage
1 the system would classify documents with a decision
time of less than 1.4 seconds (the time length correspond-
ing to the not-useful documents in the parallel task at stage
1) as not-useful documents, and those with a decision time
of longer than 1.5 seconds (the time length corresponding
to the highly useful documents in the parallel task at stage
1) as highly useful documents. At stage 2, the thresholds
would be different. Those with decision time of less than
12.6 seconds (the time length corresponding to the useful
documents in the parallel task at stage 1) would be not-
useful, longer than 12.6 seconds would be mid-useful, and
those with decision time of 12.6 seconds would be highly
useful. At stage 3, the thresholds would again be different
than in previous 2 stages. In general, based on the findings
of the roles of stage, this approach to setting different
thresholds at different stages may lead to better perfor-
mance in predicting document usefulness. Further studies
will attempt to discover the thresholds for different stages,
making predictions, and generating the receiver operating
characteristic (ROC) curve that describes the prediction
performance (both correctness and error rate). It should be
noted, however, that the threshold values shown in the
current study was just based on the mean values. These
numbers may not be the same as in other studies, but it is
in practice feasible that the system generates the threshold

for the search session in the process that it is monitoring.
The threshold is not necessarily the same for all searches,
but the method developed in the current study can be used
in other studies and system design.

When taking topic knowledge into consideration, the
system would also set different thresholds for people
with different levels of topic knowledge instead of setting
the same thresholds for all people. For example, if the
system learns that the user is working on a parallel task,
for those with low knowledge, the system would classify
documents with a decision time of less than, say, 10.5
seconds as not-useful documents, and those with a decision
time of longer than 10.5 seconds as highly useful docu-
ments. For those with medium level of knowledge, the
thresholds will be different from those with little knowl-
edge. Documents with a decision time of less than, say, 1.6
seconds would be not-useful, and longer than 1.6 seconds
would be highly useful. For those with a high level of
knowledge, the threshold will be different again. In
general, this way of setting different thresholds based on
different levels of knowledge should enhance usefulness
prediction. Future studies will attempt to discover the
thresholds for people with different levels of knowledge,
making predictions, and generating the ROC curve that
describe the prediction performance (both correctness and
error rate).

It may seem that sometimes using decision time and stage
(or topic knowledge) information was not a perfect way to
infer usefulness. For example, at stage 3 it is difficult to
differentiate the very useful and not useful documents since
the means of decision times for these two groups were
roughly the same. However, the purpose of this study was to
explore the role of stage, task type, and topic knowledge in
helping to interpret time as an indicator of usefulness, and
the results have provided strong evidence for it. The seem-
ingly difficult classification at stage 3 could possibly be
improved by some other behavioral signals; for example, if
viewing the document was followed by writing in MS
WORD documents (the heuristic is to differentiate very
useful and not useful documents, which had similar decision
time). Future studies will look more into other behavioral
signals, how they can be combined with the findings of this
study, as well as how to design and evaluate a prototype
using these promising findings. It is our hope that by design-
ing systems that can bring the most useful documents to
the top ranks in the results list, the information searchers
will find it easier to obtain useful documents to solve their
tasks, which will lead to more satisfaction with the search
systems.

Ways to detect stage, knowledge, and task type. In order
for the findings to be applicable in personalization system
design, systems will need to be able to know about task
stage and topic knowledge, and task type. Other than
explicit ways of elicitation of this information, it is possible
to infer such information implicitly from users’ past and
current behaviors.
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For task stage, the system could possibly learn it
through monitoring users’ behaviors. For example, Wang
et al. (2013) developed a method to identify cross-session
tasks from search logs by investigating interquery depen-
dencies learned from users’ searching behaviors.

For topic knowledge, similar approaches can also be
used to estimate users’ knowledge as low, medium, or high
(as our results showed, stage and topic knowledge were
correlated). It is also possible to infer topic knowledge
from users’ domain knowledge. For instance, domain
knowledge can be inferred using the way described in
White et al. (2009), namely, that users frequently going to
the medical database PubMed, etc., are likely to be domain
experts, while those who rarely use such databases are
likely to be domain novices. In addition, topic knowledge
can possibly be learned according to the readability and
specificity of the documents that the users like to read,
based on the ideas of Belkin et al. (2004).

With respect to task type being parallel or dependent,
the system may possibly learn this from the users’ query
formulation and reformulation behaviors. Liu, Gwizdka,
Liu, Xu, and Belkin (2010) found that in parallel tasks
users tended to employ more frequently a query reformu-
lation strategy called Word Substitution, that is, to substi-
tute some of the terms in a query while keeping the total
number of query terms unchanged. This makes sense. For
example, if a user just changes the query from “Honda
price” to “Toyota price,” it is very likely that the user is
working in a parallel task. In short, information relating to
all these contextual factors is detectable by the system.

Predicting stage, topic knowledge, or task type. Another
way to apply the findings in this study is for the system to
learn information about task stage, topic knowledge, and
task type based on the users’ behaviors, given the users’
behavior features and/or document usefulness inferred by
other heuristics. For instance, a user using a document in
writing indicates that the document is very likely to be very
useful. If the decision time of this document, that is, the time
before the user starts using this document, is very short, then
based on the findings of this study, this user is very likely to
be working on a parallel task, and that he/she is in a later
stage of his/her task, or his/her knowledge level on this task
is pretty high. On the contrary, if the decision time of this
document is pretty long, then it is not very likely that the
user is engaged on a parallel task, or he/she is in the later
stage of the task, or his/her knowledge level on this task is
pretty high.

Limitations, Generalization, and Future Studies

The study was a controlled lab experiment with college
students working on certain assigned tasks, so care should
be taken when generalizing the findings. The three-subtask
design to operationalize task stages is different from the real
tasks in people’s lives, which do not usually have clear stage
boundaries. The findings on the roles that task stage plays

are valid, but it is an issue to accurately obtain task stage
information. Also, despite the fact that the tasks were
designed to mimic real-life work tasks, they are still tasks
assigned to the users. A longitudinal and naturalistic study is
needed to see if there are differences in findings on task
stage and topic knowledge when users work with their own
tasks.

Nevertheless, the study was carefully designed: the tasks’
topics were frequently seen in everyday life, the tasks were
designed as simulated task scenarios (Borlund, 2000), and
the journalism students were mimicking journalists who are
usually not restricted to a certain domain. In addition, the
tasks were designed to follow the classification scheme of Li
and Belkin (2008) and vary only in one feature while
keeping others constant, which makes it possible to gener-
alize the findings relatively safely to other tasks of the same
type without concerns about topicality.

With regard to the contextual factors, the study used only
two tasks varied along one task feature. Other task features
can be considered; for example, task difficulty, task product
(being factual or intellectual), and so on. In addition, other
factors that may possibly play roles in inferring usefulness
from time, for example, some cognitive characteristics such
as the need for cognition, can also be considered in future
studies.

The study found a significant three-way relationship
between contextual factors, usefulness, and time. However,
it should be noted that the effect size was not big. Partial eta
squared varied from 0.01–0.03, indicating that time only is
not enough to predict usefulness. Other types of behaviors,
such as saving and using behaviors, will also need to be
considered in future studies in order to achieve better pre-
diction of document usefulness based on user behavior.

In addition, this study did not consider document length
as an influential factor on the time users spent on documents.
The reason is that, as the given task and topic are in general
familiar to people, and the retrieved documents for these
tasks are in general easy to read, it is not very likely that
users will have to spend a significantly longer time on longer
documents. Future studies can examine the relation between
usefulness, time, and document length, to confirm the
findings.

Conclusions

Through a controlled lab experiment, we collected data
and analyzed the relationships among information
searchers’ time spent on documents, the usefulness of the
documents, as well as searchers’ stage in task accomplish-
ment and their familiarity with search tasks. Our research is
important in several ways. We studied information-seeking
behavior during the performance of a real-world task, which
allowed distinguishing between the different types of time in
useful ways. It is also the case that there have been very few
studies of information seeking over multiple search sessions
on the same motivating task, and our study contributes to
knowledge of behaviors in this context. Contextual factors
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including task stage, user’s topic knowledge, and task type
were found to be helpful in inferring document usefulness
from the time the user spent on a document. The research
extends the literature by discovering the conditions of
some relationships between certain factors that have been
found in previous studies, and providing a systematic way to
examine the roles of contextual factors in helping to infer
document usefulness. The study also indicates that many
aspects of user behaviors are not isolated, but instead, are
related to each other. This study has implications for search
system design, both theoretically and practically. The results
clearly demonstrate that user behaviors are affected by the
context in which the user seeks information, instead of
being uniform in all circumstances. It has also demonstrated
that contextual factors should be taken into consideration
when inferring document usefulness from behaviors.
Accurately inferring document usefulness for personalizing
IR is possible, based on the behavior of decision time,
together with consideration of some contextual factors (task
stage, topic knowledge, task type), or maybe also other user
behaviors (querying, using documents, etc.). It is also pos-
sible to predict stage, knowledge, and task type based on
usefulness.

Limitations of the study include its being a controlled
laboratory experiment using preassigned tasks instead of
being a naturalistic setting, relatively small effect size,
limited types of information problems, and not having con-
sidered document length. Future directions include examin-
ing the relationships between user behaviors, document
usefulness, and contextual factors in a naturalistic setting,
considering more behavioral factors than dwell time in infer-
ring document usefulness, examining more contextual
factors such as users’ cognitive features, different task types
with different task products, difficulty, task goals, etc., and
building document usefulness prediction models and proto-
types, which may give users better search experience and
more search satisfaction.

In conclusion, this research has contributed to a better
understanding of how information-seeking behaviors, spe-
cifically the time that users spent on documents, can be used
as implicit evidence of document usefulness, as well as how
contextual factors of task stage, topic knowledge, and task
type can help in interpreting time as an indicator of docu-
ment usefulness. The findings have theoretical and practical
implications for using behaviors and contextual factors in
the development of personalization systems.
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