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We report on an investigation into people’s behaviors on information search tasks, specifically the rela-
tion between eye movement patterns and task characteristics. We conducted two independent user stud-
ies (n = 32 and n = 40), one with journalism tasks and the other with genomics tasks. The tasks were
constructed to represent information needs of these two different users groups and to vary in several
dimensions according to a task classification scheme. For each participant we classified eye gaze data
to construct models of their reading patterns. The reading models were analyzed with respect to the
effect of task types and Web page types on reading eye movement patterns. We report on relationships
between tasks and individual reading behaviors at the task and page level. Specifically we show that tran-
sitions between scanning and reading behavior in eye movement patterns and the amount of text pro-
cessed may be an implicit indicator of the current task type facets. This may be useful in building user
and task models that can be useful in personalization of information systems and so address design
demands driven by increasingly complex user actions with information systems. One of the contributions
of this research is a new methodology to model information search behavior and investigate information
acquisition and cognitive processing in interactive information tasks.

� 2011 Elsevier B.V. All rights reserved.
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1. Introduction models have not been applied to analyze interactive information
  M
aynooth U
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Extended interaction with an information system to obtain and
utilize information is a prime example of a complex cognitive task.
Understanding the cognitive aspects of information seeking to im-
prove user interfaces and better ‘fit’ information systems to indi-
vidual users to improve their efficiency and effectiveness is an
important direction for research and development of information
search systems (Belkin, 2008). Important contributors to the com-
plexity of interaction with information search systems are the var-
iable nature of the user’s task, the range of displayed content that
must be accessed and presented, and the cognitive characteristics
of the individual and their cognitive stance, for example their infor-
mation acquisition strategy, during the interaction. Reading is
essential for acquiring information during primarily textual infor-
mation search. Importantly, eye movement is cognitively con-
trolled (Findlay and Gilchrist, 2003) and actively used in service
of user tasks (Triesch et al., 2003). Reading eye movement behavior
has been studied for many years and a good deal is known about
the details of its role in text information acquisition (Rayner,
1998). Models of reading eye movement patterns using eye gaze
location and the duration of fixations, i.e. repeated eye gaze, have
been developed (Reichle et al., 2006). To our knowledge these
ll rights reserved.
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retrieval over task sessions.
In this work, we use reading models to explore several dimen-

sions of this complex interaction environment. Since reading eye
movement behavior is essential to acquiring (textual) information
in a search session, it is reasonable to ask how characteristics of an
individual’s reading model are related to factors known to influ-
ence information search behaviors, such as the task type, level of
user task knowledge, and individual cognitive abilities. These rela-
tionships are important to investigate for fundamental reasons, gi-
ven the essential role of reading in search information acquisition.
Analysis of search interaction using reading models can also have
practical implications. Calculation of reading models requires only
sequential observation of the user’s eye fixation location and dura-
tion and can be constructed on the fly. If we can learn relationships
between reading model parameters and factors that are not avail-
able for observation in most situations for search systems, such as
individual differences and task type, then we may be able to pre-
dict aspects of the user and their information environment and
adapt the system to the user.

A specific goal of our research project is to build personalized
systems that exploit the task characteristics to improve the effec-
tiveness of interactive search and information retrieval (IR). One
way to build better adaptive systems is to construct richer user
models based on inferences about the cognitive state of the user.
Eye tracking information can inform user models and enhance
performance by including cognitive features related to user atten-
tion and intent (Conati et al., 2005). Connecting aspects of the
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user’s situations, e.g. task characteristics, with unobtrusive mea-
surements of user cognitive strategies is a specific way to adapt
information systems to the user’s goal. Acquisition of eye data
for use by information retrieval systems has been investigated to
detect relevance (Buscher et al., 2008a; Oliveira et al., 2009) and
provide real-time relevance feedback for query expansion (Buscher
et al., 2008b).

Research to model and analyze cognitive interactions of whole
navigation and search sessions has been conducted (Juvina et al.,
2005). Our efforts are distinguished from this work in the focus
on building models of task session interactions at the web page
interaction level. Our work investigates eye movement reading
patterns and their relationships to individual differences, web page
types, and search task types. In this paper we present evidence for
significant individual differences in reading models, some task ef-
fects, and effects of different Web page types visited during infor-
mation search.
ttps://academ
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2. Background and related work

2.1. Task effects on search behavior

One aspect of user context that affects information search
behavior is the nature of the user’s search task. The effects of task
characteristics, including complexity, difficulty, and stage, on
search behavior, usefulness and relevance judgments, have been
studied extensively (White and Kelly, 2006; Li, 2009; Gwizdka,
2008; Byström and Järvelin, 1995; Liu and Belkin, 2010). Kelly
and Belkin (2004) found that document usefulness could be better
predicted with implicit measures such as dwell time on retrieved
document when the user’s task was considered. They concluded
document display time is not likely to be an accurate indication
of document usefulness when display time is averaged over a
group of users. Even at the level of an individual user, it is impor-
tant to take account of contextual factors to achieve reasonable
performance in predicting document usefulness from display time.
Attempts to use dwell time to infer a document’s usefulness to a
task therefore stand the best chance of success when one has
knowledge about the individual and their task. This study did
not address which contextual factors should be included or how
such factors might be incorporated into a system to predict docu-
ment usefulness from dwell time. Also not addressed was the po-
tential improvement in information system performance that
might be achieved by implementing this approach. White and
Kelly (2006) made some progress in addressing the potential effec-
tiveness of taking account of contextual factors by looking at task
and user influences on dwell time. Their study exploited the idea
of having a system that displayed a document for an optimal
amount of time based on information about the task and user. They
manipulated the document display time to limit the potential
dwell time on the document as a function of task and user charac-
teristics and were able to establish a dwell time threshold to pre-
dict document usefulness in the context of user and task. The
results showed the display time threshold based on task informa-
tion could improve performance of implicit relevance feedback
algorithm. This shows display time is predictive of document use-
fulness when task information is considered.
2.1.1. Task stage and task types
Consideration of different granularity of units of interaction in

information seeking tasks has received research attention. This
work has explored how these more global properties of task ses-
sions influence user search behavior and performance. It has been
suggested that information seekers have different levels of infor-
mation need as they progress through task stages or phases (e.g.
Kuhlthau, 1991; Lin, 2001; Taylor, 1968). Cognitive and affective
user states and the actions they take vary with these different
stages. This research indicates task stage may be an important fac-
tor that relates to the user’s judgment of document usefulness.
Vakkari and colleagues (e.g., Vakkari and Hakala, 2000; Vakkari
et al., 2003) found that users’ search tactics change along stages,
for example, their users were, at the beginning of their tasks, 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 than in later
stages. They also found that users’ relevance criteria depend on
the stage of their task performance process, although their results
did not show a statistical significance of the changes. Taylor et al.
(2007) found statistically significant relationships between users’
relevance criteria and task stage choices corresponding to those
of selection, exploration, formulation, and presentation in
Kuhlthau’s ISP model (Kuhlthau, 1991). This branch of research
demonstrates the differences in users’ relevance judgments in dif-
ferent stages of the task; however, it leaves as an open issue how
such differences could be modeled through the user’s behaviors.
In addition, the above described research considered only the ef-
fect of task stage but did not correlate it with user behaviors to
suggest how to implicitly build user models and improve system
performance to better help people search. More research is needed
to study how task stage can be helpful in adapting search to differ-
ent users.

Accurate identification of task stages is difficult because clear
temporal boundaries are not manifest. One can do a priori gross
divisions by time; say into thirds of the session length (White
et al., 2005). Another approach to investigate task stage effects is
to cast the tasks to be completed into several sub-tasks. Lin
(2001) manipulated the user task, by giving distinct sub-tasks to
be completed in different search sessions. The task scenario in
his study required participants to make a vacation plan through
three steps in three sessions: identifying candidate places, choos-
ing one place, and making a trip plan. Both approaches to opera-
tionalize task stage are somewhat arbitrary. The ability to make
task and sub-task distinctions in user studies is valuable because
analysis of task behavior at sub-task and finer levels of interaction
sequences appear to offer better generalizability of research results
because it may well be easier to identify these task units in com-
plex information task behaviors.

Task type classification has received considerable attention
(Freund, 2008; Kellar et al., 2007; Li and Belkin, 2008). Li and
Belkin (2008) have proposed a comprehensive scheme to classify
tasks based on dimensions of task features. We use this task clas-
sification scheme in our present work.

2.1.2. Level of knowledge
Domain knowledge or expertise has been shown to have signif-

icant effects on task performance and search behavior (e.g. Hsieh-
Yee, 1993; Kelly and Cool, 2002; Toms et al., 2007; Wen et al.,
2006; White et al., 2009; Zhang et al., 2005; Wildemuth, 2004).
Knowledge impacts search tactics and strategies. For example,
Wildemuth (2004) showed that lower domain knowledge had neg-
ative effects on the efficiency of query tactics and increased query
reformulation errors. Hembrooke et al. (2005) reported that do-
main knowledge was positively correlated with the effectiveness
of search strategies.

Prior knowledge has been correlated with search performance
measures. Duggan and Payne (2008) administered a knowledge test
before participants searched using the questions in the test. They
found the search performance score was positively correlated
with the participant’s knowledge score. Acquisition of knowledge
during search has also received attention. Lawless et al. (2007)
investigated the relationship between prior knowledge and the
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acquisition of new knowledge during web browsing by treating one
group of participants with reading selected to enhance their domain
knowledge prior to the search. Pre- and post-test knowledge scores
of the treated and untreated groups showed that participants in the
treatment group significantly increased their knowledge score.

2.1.3. Cognitive ability and individual differences: influences on search
and navigation behavior

Juvina and van Oostendorp (2006) looked at individual cogni-
tive differences and user behaviors to build an empirical model
of web navigation. They found that an individual’s spatial and
semantic cognitive abilities were important determinants in suc-
cessful execution of web navigation tasks.

Ford et al. (2005) conducted a user study (n = 68) and classified
507 user queries from three web search tasks of increasing com-
plexity. Participants were classified along the lines of approaches
to studying, various cognitive and demographic properties, and
their understanding of Web-based information seeking and their
typical approach to gaining information in Web-based searching.
They found consistent patterns between increasing task complex-
ity and combinations of individual differences.

2.1.4. Eye tracking use to investigate web search behaviors
Eye tracking metrics such as fixation duration, number of fixa-

tions, and pupil diameter, have been used as evidence of user
engagement and to study patterns of eye movements associated
with reading behaviors. Farzan and Brusilovsky (2009) used eye
tracking to explore the usefulness of social navigation clues to
users performing web searches. Document level patterns have
been identified, e.g. an ‘‘F’’ shape reading pattern for a search en-
gine result page (SERP) (Sherman, 2005) and that many users read
only the first few results in a SERP (Pan et al., 2007).

Some research has compared reading behaviors across search
engines. Granka et al. (2004) used eye tracking data to investigate
how users interact with SERPs during two types of search tasks,
informational and navigational. They found the mean fixation
duration for the two top ranked items was nearly the same, and
that there was a top to bottom scanning bias in a SERP. Lorigo
et al. (2008) examined the number of fixations, fixation duration,
and time spent on tasks for Yahoo! and Google and found no differ-
ences in the user processing of SERPs. Task type was shown to
influence SERP viewing time and the number of fixations on se-
lected Web documents. In informational tasks, users spent less
time on SERPs and had greater pupil dilation as compared to nav-
igational tasks. Guan and Cutrell (2007) examined task type influ-
ences on user search behavior by manipulating the positions of
target results in navigational and informational tasks. Overall, par-
ticipants devoted more time to tasks and were less successful in
finding target results when the targets were displayed at lower
positions on the search results list. This effect was especially pro-
nounced for informational tasks (as opposed to navigational tasks).
The eye tracking data showed that there was a decreased probabil-
ity of looking at results in the low position, explaining the poor
performance. Terai et al. (2008) studied informational and transac-
tional tasks. They found that participants visited more web pages
when performing the transactional task, but with shorter page
dwell time as compared to the informational task. Eye-movement
scan paths were described for individual participants when looking
at search result pages, and a distribution of ’look zones’ for each
task were identified. This work did not provide an analysis of the
influence of the task types on the eye fixation measurements.

2.2. Eye movements and visual cognition strategies

Eye fixations provide information about attentional states be-
cause the only way to acquire information visually is by repeated
eye gaze on a location. Research has established that eye move-
ments are cognitively controlled (Findlay and Gilchrist, 2003)
and are conducted in service of user tasks (Hayhoe et al., 2007).
One way to discover user intent during task performance is to cou-
ple observable behaviors with inferences based on fixation obser-
vations. For example, fixations tell us which words have been
lexically-processed, allowing one to connect semantics with expla-
nations for an interaction behavior, such as query reformulation or
document selection and use.

Visual information processing is affected by immediate task
properties in reading, face processing, scene processing and visual
search (Reichle et al., 1998; Rayner et al., 2009; Findlay and
Gilchrist, 2003; Torralba et al., 2006). It is hypothesized that differ-
ent visual cognition strategies are employed to meet the require-
ments for each type of task such as the encoding of appropriate
information features for the task (Rayner et al., 2009). There is some
understanding of the probable mechanism by which these types of
task differences cause changes in fixation patterns (Hayhoe et al.,
2007). Eye movement behavior for fixations and saccade distances
has been found to be similar for low-level visual tasks, for example
face recognition and visual search, across individuals and cultural
groups. Reading behavior is notable in that individual and cultural
differences have been observed (Rayner et al., 2007). This suggests
that extended sequences of information processing interactions in
service of a task may involve selection of problem solving strategies
and tactics that condition parameters of the visual cognition system
used to control eye movements. In this way the user task could
affect low-level information gathering processes.

Visual information acquisition is important for information
seeking, for example in reading to process texts. Taking account
of task effects on visual cognition, for example via effects on read-
ing eye movement control, may therefore be a valuable component
in user models to personalize search and information retrieval in
adaptive systems.

People can be classified by their patterns of eye movements in
processing texts. Hyönä et al. (2002) investigated individual read-
ing patterns in expository text using eye tracking. The participants
were asked to read a text passage and produce a summary, which
was assessed for accuracy. Fixation patterns were recorded for six
types of sentences and the sequences of sentence processing,
marking revisits to a previous sentence or look ahead fixations to
an upcoming sentence. Cluster analysis identified four groups of
individual patterns, which were characterized as reading strate-
gies. The groups were distinguished by whether they refixed on
previous sentences, engaged in look-ahead fixations to upcoming
sentences, and whether they concentrated on structural features
in the text presentation, for example, processing headlines and
subject headings. The working memory of the individuals was as-
sessed using a reading span test. Individuals with the largest work-
ing memory tended to use the strategy of focusing on the
structural features and were also the best performers in the
experiment.

Hyönä et al. (2002) provides evidence for individual differences
in eye movement reading patterns for processing information, and
for classification of individuals by reading patterns. Their work also
suggests these patterns can be explained in part by appeal to use of
cognitive strategies in extracting information from texts. They also
provide evidence for connections between reading patterns and
individual cognitive abilities, at least with respect to working
memory.

The designed structure of pages have effects on eye movement
processing of text and cognitive evaluation of the text content. For
example, SERP pages with entries laid out in grids vs. lists induced
different eye movement patterns to process the entries and re-
sulted in different evaluations of the trustworthiness of the items
(Kammerer and Gerjets, 2010).
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with different layout structure, such as SERPs and content pages
may be processed differently by users. Analysis by page type
may throw light on individual differences and task type effects
during text-based search interactions.
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2.3. The EZ Reader reading model

The EZ Reader model is a cognitively-controlled, serial-attention
model of reading eye movements (Rayner et al., 1998; Pollatsek
et al., 1999, 2003, 2006; Reichle et al., 2004, 2006). It takes word
identification, visual processing, attention, and control of the oculo-
motor system as joint determinants of eye movement in the reading
process. The EZ Reader model is a processing model and is based on
the assumption that reading is a cognitively-controlled process
where the saccade to the next word is programmed while the person
is cognitively processing the text available in the currently attended
fixation. The saccade programming has a labile stage. If the next
word is recognized during this labile stage, the programmed saccade
is canceled and a saccade to the next word is programed.

There is a distinction between high acuity text in the foveal re-
gion and progressively lower acuity text in the parafoveal region. It
has been shown that some text information can be extracted from
the parafoveal region and frequently it allows a saccade to jump
over several words. The role of textual information available in
the parafoveal region has been studied extensively, (e.g. Blanchard
et al., 1989; Inhoff and Rayner, 1986; Kambe, 2004; Liu et al., 2002;
Morris et al., 1990; Pollatsek et al., 1986; Rayner et al., 2003; White
and Liversedge, 2005). There is evidence for recognition and use of
word length (Juhasz et al., 2008), orthographic features, and some
semantics such as the predictability of the word in context (Drie-
ghe et al., 2007) and morphological features (Drieghe et al., 2010).

Processing of text during fixations has been shown to take place
in several stages. Orthographic recognition takes place in about
40 ms, followed shortly thereafter by phonological recognition
(�60 ms), and then lexical processing, which takes at least
113 ms (Reingold and Rayner, 2006). There is a labile lexical pro-
cessing period, from 113 ms to 168 ms, during which the next sac-
cade programming can be reprogrammed with a new saccade
target. After that labile period, the pending saccade will be exe-
cuted after the cognitive processing is completed. This is one
way in which observations of eye movements can be connected
with the semantics of information processing. Eye movements
are cognitively controlled and the eyes remain fixated during the
lexical processing period independently of the stimuli, for example
even if the word is removed (Findlay and Gilchrist, 2003). The next
saccade takes place after lexical processing is completed. It has
long been known that familiarity and conceptual complexity of
the text processed is positively correlated with the fixation dura-
tion (e.g. Rayner and Duffy, 1986).

The basic EZ Reader model does not account for higher-order
cognitive processes, for example those involving language compre-
hension and conceptual processing. While this is a limitation of the
model, it is claimed the model provides an explanation of the mo-
ment-to-moment reading process when linguistic processing is
running smoothly (Reichle et al., 2004). The EZ Reader model is
well-suited to our work, which is directed at correlating measures
of information acquisition during information search with high-
level search behaviors rather than the details of semantic cognitive
processing.
3. Objectives and research questions

Reading behavior in interactive information search task sessions
is of interest because it is necessary for acquiring information.
Reading to acquire information is a linguistic and cognitive process
that might be able to explain the information-related aspects of
information seeking tasks.

As the literature review shows, research in information science
and HCI has established that task, and individual differences, such
as knowledge and cognitive abilities, affect search behaviors. It
makes sense then, to look at models of the low-level reading pro-
cess in task sessions and explore the influences of task and individ-
ual differences on the observed interaction reading models. The
layout and nature of content in differing web pages is another po-
tential influence on reading models of interactive search sessions.

Information acquisition through eye fixations comes mostly in
the form of reading, i.e. making use of lexical knowledge that rec-
ognized glyphs are meaningful words, coupled with linguistic
knowledge to understand sentences and larger units of meaning.
This is the critical path by which a person connects textual infor-
mation acquisition with their knowledge. A reading model of tex-
tual information acquisition is therefore a natural approach to
representing one aspect of how humans carry out information
tasks.

Do users adopt information acquisition strategies that are influ-
enced by their task, knowledge, and/or cognitive capabilities? Ef-
fects of these factors on user behaviors have been demonstrated
in patterns of queries (Wildemuth, 2004; Liu et al., 2010). In this
work, we explore relationships between a model of reading behav-
iors and task, knowledge, and a measure of working memory
ability.

For information search in a predominantly textual environment,
the parameters of reading model and eye movements can be
hypothesized to result from individual characteristics, the proper-
ties of the user’s information task, and properties of the displayed
information (e.g. a web page) processed by the user.
ReadingModelparameter ¼ f ðindiv idual; tasktype;pagetypeÞ

This provides a framework to address distinct dimensions of the
general problem of information search in textual environments.

Our work concerns reading during realistic information seek-
ing tasks. The goal is to explore the relationship between selected
reading model parameters and eye movements and the above fac-
tors in order to learn if reading models can be employed to pre-
dict user characteristics, properties of the page being processed,
or the user’s task type during a search session. We want to know
the degree to which each component is correlated with observa-
ble eye movement pattern properties and whether interaction ef-
fects exist. This work concentrates on relationships with reading
eye movement pattern representations, especially reading
models.

The relationship between the individual’s properties, search
tasks and web page types and reading eye movement parameters
can be analyzed at several levels. We will begin by looking at task
effects on reading model parameters and then move to a more de-
tailed view of task interactions by looking at effects due to web
page types.

This work uses the data collected in user studies designed to
examine task type and individual differences (such as, cognitive
abilities in one study, and domain knowledge in another) effects
on information search session behaviors. The studies employed
realistic search tasks designed to differ along specific dimensions.

We explore two questions associated with the reading model
influence hypothesis:

(1) Does task type affect reading model parameters?
(2) Do the reading model parameters change when processing

different types of textual information content, specifically,
different types of web pages?



Table 1
Journalism study task characteristics (task product: F = factual; I = intellectual).

Task Product Level Goal Complexity

OBI F,I Document Specific High
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4. Methodology

In this paper we report on results from two user studies, one
using information search tasks in the journalism domain and the
other using genomics domain tasks. The general goal of our re-
search is to learn how to identify search behaviors that can be used
to model users and personalize interactions with information sys-
tems over extended task sessions.1 The journalism study consid-
ered the effect of different types of tasks on search behaviors,
and the genomics study looked at the search behavior effects of
an important individual property, differences in domain
knowledge.

Both experiments used a simulated work task approach (Borl-
und, 2003) to design the tasks as presented to the participants in
order to enhance the generalizability of the results. While the
experiment setting was controlled, this bias towards realistic tasks
in an extended interactive setting means many variables were not
controlled. For example, in the journalism study participants were
free to go anywhere on the web to search for information to meet
the task goal. This choice in study design makes for significant lim-
itations in analyzing results. On the other hand, a strength of the
studies is that the eye movement observations were of natural
search behavior. The genomics study included a sophisticated
search engine with both a simple and advanced search interface
for a domain-specific search application. Participants were free to
choose between them during the task session. In the journalism
study, the viewed content was unrestricted and subject to typical
variations expected in operational environments with web pages
of various formats and types, including mixtures of text and
images, some changing dynamically with advertisements.

Each experiment was conducted using the multi-source logging
POoDLE system (Bierig et al., 2009). During search in both experi-
ments, all of the participants’ interactions with the computer sys-
tem, including eye gaze, were logged. Eye data was collected with a
Tobii T-60 eye-tracker (1280 � 1024 @ 60 Hz).2 We used eye fixa-
tion data as calculated by the Tobii Studio software (foveal ra-
dius = 35 pixels).

4.1. Experiment 1: journalism domain tasks

This user study investigated behaviors associated with different
task types for 32 advanced undergraduate journalism students car-
rying out realistic professional journalism tasks. Each participant
was given a tutorial and performed four tasks involving web search
(described below). Participants were asked to continue searching
until they had gathered enough information to accomplish the task
or 20 min had elapsed. Logging issues for two participants pre-
vented complete data analysis. In the following we report on re-
sults for 30 of the 32 participants.

4.1.1. Tasks and task classification
The journalism work domain is attractive for investigation of

task type effects on searching behavior because there are a small
number of task types, but they can be associated with any topic.
This means topics can be varied in tasks, while maintaining a good
measure of control over realistic tasks, thus enhancing validity. At
our institution we have ready access to a university journalism
department and were able to get expert help to define the work
tasks along with access to participants trained for such profes-
sional journalism tasks.

A set of four tasks was identified by interviewing journalism
faculty and practicing journalists (Appendix A). Li (2009) provides
1 http://comminfo.rutgers.edu/imls/poodle.
2 http://tobii.com.
a task classification system which attempts to identify and inte-
grate the various aspects, or facets, of task in a single scheme.
For each facet specific values they can take have been identified
based on interviews with a cross-section of members of an aca-
demic community. The classification scheme has been confirmed
and extended with an experimental study. This classification sys-
tem allows us to describe the work tasks and identify categorical
differences between them. The tasks were designed to vary accord-
ing to values of the characteristics which we believed could affect
search behavior.

Li’s classification scheme has fifteen facets or sub-facets of work
or search task. Work task is identified as the task which leads one
to engage in information seeking behavior, and search tasks as the
specific information seeking activities themselves. The classifica-
tion itself is meant to apply to both types of tasks, and in our study,
we focused on values associated with search tasks. We added a
‘‘Level’’ facet to Li’s classification scheme because we found it to
be a significant aspect of tasks in the work environment we stud-
ied. We held constant the values of other facets, including: Source
of task; Task doer; Time (length) Process; Goal (quantity); Interde-
pendence; and Urgency. The choice of facets to be varied was based
on Li’s results, and on characteristics of typical work tasks in the
journalism domain.

4.1.2. Tasks
Tasks were generated by first interviewing journalism faculty

(including practicing journalists) about typical journalism work
and searching tasks for which professional journalists receive
training. The task descriptions were formalized from those inter-
views. We then identified a set of four of these work/search tasks
which afforded some variation in the values of the facets which
we believed could affect search behavior.

The four work tasks used were: advanced obituary (OBI), inter-
view preparation (INT), copy editing (CPE), and background infor-
mation (BIC). The task descriptions are provided in Appendix A.
The task format follows the scenario practice as proposed by
Borlund (2003) and they were presented to participants in a
realistic manner, by giving the journalism students an assignment
and an associated task to complete.

4.1.3. Classification of the four tasks
Table 1 shows the values of the varied facets for each of the four

search tasks which we gave to the participants. These values con-
stitute the independent variables in our study, which are related to
the dependent behavioral search variables. The tasks varied in sev-
eral dimensions: complexity defined as the number of necessary
steps needed to achieve the task goal (for example, identifying
an expert and then finding their contact information), the task
product (factual vs. intellectual, e.g., fact checking vs. production
of a document), the information object (a complete document vs.
a document segment), and the nature of the task goal (specific
vs. amorphous).

BIC task is a Mixed Product, because identifying ‘‘important’’
newspapers is intellectual, and finding documents on the topic is
factual. It is at the Document Level because whole stories are
judged; it has the Specific Goal of finding documents on a well-
defined topic; it has High Objective Complexity because of the
number of sources and activities that need to be consulted/done.
CPE F Segment Specific Low
INT F,I Document Mixed Low
BIC F,I Document Amorphous High

http://comminfo.rutgers.edu/imls/poodle
http://tobii.com


Table 2
Task (TREC topic) characteristics.

TREC task id Difficulty Specificity Category

2 Hard Specific Genetic structure
7 Easy General Genetic processes

42 Very easy Specific Genetic phenomena
45 Hard General Genetic phenomena
49 Easy General Genetic structure
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CPE is a Factual Product, because facts have to be identified; it is
at the Segment Level, because items within a document need to be
found; it has the Specific Goal of confirming facts; it has Low
Objective Complexity because only three facts need to be
confirmed.

INT is a Mixed Product, because defining expertise is intellec-
tual, and contact information is a fact; it is at the Document Level,
because expertise is determined by a whole page; Goal Quality is
Mixed, because determining expertise is amorphous but contact
information is specific; it has Low Objective Complexity because
only two people need to be found.

OBI is a Factual Product, because facts about the person are
needed; it is at the Document Level because entire documents
need to be examined; Goal Quality is Amorphous because ‘‘all
the information’’ is undefined; it has High Objective Complexity
because many facts need to be found. In Table 1, one can see the
advanced obituary (OBI) and the copy editing (CPE) tasks have
the least similarity.

4.1.4. Experiment design and participants
A laboratory-based study was designed to explore the effects of

search task type and task facets (described in the previous section)
on searching behavior, such as saving and reading behaviors. Data
was collected on a variety of searcher behaviors, such as eye gaze,
and various interactions with the search systems and information
objects, with the goal of relating various of these behaviors to ex-
plicit statements of task and task facets.

For this study, 32 upper-division undergraduate journalism stu-
dents were recruited from our University. They were informed that
their pay for participation in the experiment, either $20.00 or
$40.00, would depend on performance as judged by experts. The
rationale for the extra payment was to try to insure that partici-
pants treat their assigned tasks seriously. The participants were be-
tween 18 and 27 years old. Most students spoke English natively
(73%) with the remainder of the population reporting a high degree
of English knowledge. Participants rated their computing skills
high with an average search experience of 8.5 years using a range
of different browsers (IE 32%, Firefox 64%, as well as others). Stu-
dents rated their search experience generally high but claimed
more experience with WWW search as compared to on-line library
catalog search. They were generally positive about their average
success during on-line search. All participants were required to
have completed either one journalism writing or one reporting
class.

4.1.5. Procedure
Each participant filled out a demographic questionnaire and

then performed two tests of cognitive abilities. One measured
operation span, which is related to working memory capacity.
The other test measured mental rotation ability, which may relate
to field closure ability. A tutorial on the system using a warm-up
task followed. They then performed four web search tasks (de-
scribed in Section 3). Before beginning each search a questionnaire
was administered to learn about their task understanding and
anticipated difficulty. Although the experiment setting was con-
trolled, participants were free to go anywhere on the web using
IE (v6) to search for information and were asked to continue the
search until they had gathered enough information to accomplish
the task. During the search, all interactions with the computer sys-
tem, including eye gaze, were logged. The entire search process
was stored via the Morae3 screen-capture program. When partici-
pants decided they found and saved enough information objects
for purposes of the task, they were then asked to evaluate the useful-
3 http://www.techsmith.com/morae.asp.

4 http://www.nlm.nih.gov/mesh/mtr_abt.html.
5 http://www.lemurproject.org/.
ness of the information objects they saved, or saved and then de-
leted, while replaying the search using the screen capture program.
An on-line questionnaire was then administered to ask about their
searching experience, including their subjective evaluation of their
performance, and reasons for that evaluation.

After a training task, participants completed the four tasks in
counterbalanced order. After completing four different tasks, an
exit questionnaire was administered, asking about subjects’ per-
ceptions of their search experiences, the extent to which they
found differences in the tasks, their ability to perform the tasks,
and their overall search experiences in the tasks.

4.2. Experiment 2: genomics domain search tasks

The purpose of this exploratory experiment was to look for ef-
fects of differences in domain knowledge on search behaviors.
The search tasks and expert document relevance judgments were
taken from the 2004 TREC genomics track (Hersh et al., 2005).
The available tasks were categorized along two dimensions: hard
vs. easy and general/specific where specificity refers to path length
from the most general node to the task topic subject in the MeSH
tree.4 Hard topics were those with few relevant documents, as
judged by the expert TREC assessors, returned by our search sys-
tem using the task description as the query. We used the number
of relevant documents returned in the top ten results as the perfor-
mance measure. Each topic had a topical MeSH category that re-
flected its location the MeSH ontology trees.

Five tasks were used and the task questions were the TREC
genomics track descriptions. These tasks were designed to be
examples of information tasks for research professionals. These
types of search tasks are difficult even for medical librarians (Liu
and Wacholder, 2008). The tasks used in the study are listed in
Appendix A.

A simulated work task approach (Borlund, 2003) was used to
design the task presentation to the participants. Participants were
asked to find and save all of the documents useful for answering
the task questions.

Table 2 lists the tasks selected for the study and their character-
istics. We switched task 49 for task 42 during the study because
task 42 was very easy, so the results for these tasks involved differ-
ent participants.

4.2.1. Search collection
We implemented a search system using Indri from the Lemur

toolkit.5 The search collection was taken from the TREC genomics
collection, a 10-year, 4.5 million document subset of the Medline
bibliographic database (Hersh et al., 2005). We used the docu-
ments from the 2000–2004 period (n = 1.85 million) to allow for
reasonable retrieval performance. The TREC ad hoc retrieval tasks
were based on 50 topics relating to five general types (Roberts
et al., 2009).

4.2.2. Study participants

http://www.techsmith.com/morae.asp
http://www.nlm.nih.gov/mesh/mtr_abt.html
http://www.lemurproject.org/
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Forty students from the authors’ institution participated in the
study. They were recruited from related schools and departments,
including biology, pharmacy, animal science, biochemistry, and so
on. Undergraduate students, graduate students, and post-docs par-
ticipated in the study. The number of graduate students and the
number of undergraduate students were roughly balanced to elicit
the different levels of knowledge. Post-docs were assigned to the
graduates group.

Technical difficulties prevented analysis of eye gaze data for
two participants. Of the 38 participants, 15 were non-native Eng-
lish speakers and 23 were native English speakers. Another two
of the non-native English speakers are removed from the analysis
for the present work because they exhibited reading difficulties.

4.2.3. Domain knowledge measurement
At the beginning of the experiment participants rated MeSH

indexing terms in the three MeSH trees associated with the task to-
pic categories: genetic processes (G05), genetic phenomena (G13),
and genetic structures (G14). They were asked to rate their knowl-
edge on each term using a five point scale: 1 – ‘‘no knowledge’’, 2 –
‘‘vague idea’’, 3 – ‘‘some knowledge’’ 4 – ‘‘high knowledge’’, 5 –
‘‘can explain to others’’. The participant domain knowledge (PDK)
was calculated by simply summing the participant’s self-assessed
knowledge of each rated term and normalizing by the rating an ex-
pert would give. That is:

PDK ¼
P

wpi � ti

5 �m

where wpi is the individual knowledge rating for the MeSH term
and i ranges over the rated MeSH terms. m is the total number of
terms to be rated (m = 409 in the study) and ti is 1 or 0, depending
on whether the term was rated by the participant. The hypothetical
expert is presumed to have rated all terms as ’can explain to others’
(i.e. 5). While the PDK values can range from 0.0 to 1.0, notice that
most will range between 0.2 and 1.0, because a term rating of 1
means ’no knowledge’. If a participant rated every term in a topic
as ’no knowledge’ their PDK would be 0.2. A participant could score
below 0.2 only if they failed to rate terms in the topic. Of course a
PDK could be greater than 0.2 and also include unrated terms.

4.2.4. Experiment procedure
The subjects read and signed a consent form and filled out a

questionnaire about their background, computer experience and
previous searching experience. They were then asked to rate their
knowledge of MeSH terms in three categories related to the search
tasks (total – 409 terms). Before each task the subjects filled out a
questionnaire that elicited self-reports of their familiarity with the
task and level of knowledge along with a judgment of the expected
difficulty of the task. They were then allowed up to 15 min to con-
duct the search task. All of the tasks were recall-oriented, that is
the participants were asked to find and save as many useful docu-
ments as they could. After ending the search task, the participants
evaluated the relevance of each saved document. Finally, they filled
out a questionnaire asking them to assess the actual task difficulty
and the amount of learning they experienced. The interaction with
the system was logged by the computer. After completing all tasks
they filled out an exit questionnaire that elicited comments about
their impression of the realism of their search experience with
their real-world experience of similar tasks. The experiment was
conducted in a human–computer interaction lab and each partici-
pant was tested individually and received $25.

4.3. Reading models

In most previous eye tracking work in information search set-
tings reports of reading behavior have been based on analysis of
eye gaze position aggregates (’hot spots’), without distinguishing
the fixation subsequences that comprise true reading behavior.
The eye fixation analysis in this work is based on an implementa-
tion of the EZ Reader reading model (Reichle et al., 2006).

4.3.1. Implementation of the EZ Reader reading model
Our implementation of the EZ Reader model is line-oriented.

That is, we do not address the problem of smooth transitions in
reading lines in a block of text. Reading of two consecutive lines
in a text is coded as two instances of reading sequences. We also
do not distinguish the type of reading content in applying the algo-
rithm. A section heading is treated the same as a line of text in a
paragraph. This is a limitation of the current implementation of
the algorithm. In this work we do not analyze the results in terms
of larger text structures such as paragraphs, or by text structure
elements, such as headings. Our model extends the basic EZ Reader
by allowing for regression fixations to previous positions in the line
of text processed. Such regressions have been long known to be a
common feature in reading and have been correlated with the pro-
cessing of unfamiliar words or sentences with greater structural or
conceptual complexity (Rayner and Pollatsek, 1989).

The inputs to our algorithm are successive fixation locations
and their duration. The output is a classification of the sequences
of fixations as members of a reading sequence, or as isolated lexical
fixations, which we call ’scanning’ fixations. Reading sequences
and scanning instances are restricted to lexical fixations, that is,
fixations that exceed the lexical processing threshold of 113 ms.
The foveal (in focus) region is operationalized by taking the Tobii
default of 35 pixels for projection of the foveal radius on the dis-
play. The display projection of the parafoveal annulus was taken
to extend from 35 pixels to 120 pixels. As suggested by the EZ
Reader model, we distinguish between the left hand side of the
parafoveal region and the right hand side to model the left to right
reading pattern of the English text presented in the studies. Our
algorithm should generalize to many languages with similar ortho-
graphic encoding, i.e. non-logogram or phonetically-encoded
glyphs. Perceptual span describes the region of text that can be ta-
ken in, on average, with a single fixation. It has been shown to be a
function of the orthographic system, with readers of logographic
systems, for example Chinese, exhibiting a perceptual span of three
or so characters (Inhoff and Liu, 1998) as compared to 8–9 charac-
ters typical for readers of English or Dutch (Pollatsek et al., 1986).

The basic idea in the algorithm is that reading proceeds by a se-
quences of fixations where the succeeding fixation is within the re-
gion previously looked at. This region may be stepwise extended to
the right, provided the new fixation is within the ride-hand-side
parafoveal region. Fixation regressions to any point in the previ-
ously fixated text are allowed. It is possible to extend the text re-
gion on the left hand side by regression to the beginning of the
reading area. Saccade landing positions are subject to Gaussian er-
rors around the target. Research has shown that although the cen-
ter of the fixation may be above or below the text centerline,
people read just the line of text and not words above or below
(Hornof and Halverson, 2002).

The process identifies which fixations are part of a reading se-
quence. A reading sequence ends when a fixation is not in the
right-hand-side parafoveal region and is not a regression to a point
in the line of text already swept out in the reading instance.

The algorithm was used to distinguish reading fixation se-
quences from isolated fixations, which we define as ’scanning’ fix-
ations. Scanning fixations provide some semantic information,
limited to that available in the foveal visual field (Rayner and
Fischer, 1996). Fixations in a reading sequence provide more infor-
mation both because information is gained from the larger parafo-
veal region (Rayner et al., 2003), and because of the richer semantic
structure available in compositions of text, including sentences,
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paragraphs, etc., as compared to isolated units of several words.
Importantly, some of the types of semantic information available
through reading sequences may be crucial for satisfying of user
task requirements. Our reading model is a fixation classifier that
identifies fixations in eye movement sequences that indicate pro-
cessing of text that is more than an isolated word. Our use of ‘scan’
and scanning must be understood in this sense. Reading behavior
that might typically be described as ‘scanning’, that is a disciplined
processing of text by skipping some of the text and reading
phrases, would be modeled as a series of short reading sequences
by our model.

The reading model algorithm was used to classify fixations as
reading or scanning. This classification of fixations was used to cre-
ate reading state transition models (see an example in Fig. 1) for
each participant and task pair.

A user’s decision to read or scan is a distinctive cognitive commit-
ment and our analysis focuses on the Scan to Read, and the Read to
Scan transition probabilities. These decisions reflect the visual infor-
mation acquisition strategy adopted by the user to achieve their task
goal. It is useful to notice that this hypothesizes a two state reading
model that reflects user intent with respect to acquiring textual
information in the course of their task. More complicated state mod-
els can be constructed using our reading model methodology by
identifying criteria to classify patterns of reading and/or scanning
fixation sequences. Criteria for classification could be strictly
sequential, for example identifying a pattern of a sequence of short
reading sequences, or could involve other dimensions, such as struc-
tural elements in text, say, section titles, or regions on a page.

There is a practical attraction of our approach to characterizing
task information acquisition by modeling reading fixations. The
reading model construction only requires analysis of the recent
eye movement sequence to classify observed fixations. One conse-
quence is the methodology allows for construction of reading mod-
els on the fly and so enables real time detection of parameter
changes. There is potential for use of reading model parameter val-
ues in operational settings to implicitly gain information about the
user and their situation and to personalize the system interactions.
aynooth U
niversity user on 10 January 2022
4.4. Detailed task-session analysis

The layout of text on a page influences patterns of eye move-
ments, for example as shown by Kammerer and Gerjets (2010).
The layouts of pages viewed by participants were not controlled
in our studies. In the journalism experiment they varied in the typ-
ical ways a web page might vary. In the genomics experiment, the
formatting was uniform, but the abstract content could vary in
length and style reflecting the practices of a variety of journals. It
is intuitively plausible that users process search engine results
pages (SERPs) and content pages differently because their immedi-
ate information task is different. In the former case, the dominant
task is to identify a promising document link and in the latter, to
acquire information that is specifically useful to the user’s main
task. Therefore, analysis of results by page type may throw light
on individual differences and task type effects during text-based
search interactions.
Fig. 1. A general diagram of a two-state reading model.
This paper includes an investigation using reading models to
gain insight into task effects at the page level. Reading models
were calculated from the eye fixations that took place on each
page. Various additional eye movement measures, such as total
number and duration of lexical fixations, were also calculated. In
addition, we characterized some details of reading sequences with-
in a page, including the length (in pixels) of the text read, the aver-
age saccade distance within each reading sequence, and the
number of retrograde saccades within reading sequences executed
by a user on a page.

The eye-movement data in task sessions for the journalism
experiment was further analyzed by considering the user interac-
tion in different types of interaction units that we defined by the
type of web page. We distinguished two basic classes: SERPs and
the content pages reached by a user following a link in a SERP. This
was something of a convenience as the design of the experiment
allowed participants free access to the world wide web. Yet, it is
also true that these page types have distinctive roles in interactive
information retrieval. SERPs are typically processed with the goal
of recognizing links to potentially fruitful documents. The goal in
processing content pages is to determine if it contains information
that can be somehow useful to the user’s overall task, so informa-
tion acquisition from the page to determine usefulness and extract
pertinent information is the main concern.

In addition to analyze the SERP and content page types, we
decided to look at highly visually attended pages. This was opera-
tionalized by selecting a subset of the available data where there
was data available for all four tasks. We selected pages on which
the total lexical fixation duration on the page was above the med-
ian for all pages in the task for the participant. This criterion helps
to eliminate pages from analysis that contained more than a couple
of eye tracking errors. This procedure may introduce a bias into the
data we analyzed because below median fixation duration pages
may be of high quality and reveal significant aspects of the interac-
tion with the information system. For example, participants may
have dismissed a page quickly in deciding on its relevance to the
task. Development of more sophisticated criteria to weed out low
quality pages will receive attention in our future work using the
reading model methodology. It is worth noting that some bad
eye tracking data are not errors. For example, participant eye
blinks will result in missing data, as will cases where the partici-
pant looks off-display. In both of our experiments the task descrip-
tions were available on another display during task performance.

The analysis of the data from the journalism experiment was re-
stricted to 17 participants for the content page analysis and 18 for
the SERPs. This introduces a minor distortion in comparing content
and SERP results when the measures were sums over all partici-
pants, as for example in the total text acquisition. We choose to
have these slightly different sets in order to maximize the observa-
tions in this exploratory study. The normalized measures and state
transition probabilities can be directly compared, although the
content page data will have slightly more noise.

5. Results

Recall that one goal of our overall research project to personal-
ize interactive information retrieval is to predict the type of task
which leads a person to engage in information search, based on
the person’s behaviors (in our case, eye movements) during the
course of the search. We therefore have analyzed our data from
this point and view, and present the results of our analyses accord-
ing to their response to our research questions:

(1) Do parameters of a person’s reading model change with task
type?



Fig. 2. Journalism task effects on participant reading state transition probabilities.
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(2) Do the reading model parameters change when processing
different types of textual information content, specifically,
different types of web pages?

5.1. Task Influence on an individual’s Reading model

Changes from a user’s typical reading model due to a task de-
pends on some weighting of the influence of the task characteris-
tics, and consequently the task demands on the user for
successful task completion. The task characteristics in our two
classification systems are categorical so for an initial analysis it is
reasonable to suppose their influence is a weighted linear combi-
nation. Ranking tasks by differences in the changes in the state
transition probabilities compared to each participant’s typical
reading model provides a description of the task influence on the
model. Not having knowledge of the participant’s typical model,
we calculate an average reading model for each participant by
summing the transition probabilities observed for the four tasks
and taking the mean. The impact of each task was then calculated
as the difference in the observed transition value from the average
model mean. The participant’s tasks were then ranked for each
state transition in the model. For each state transition the set of
task ranks was collected for all participants and Friedman’s ANOVA
rank sum test was applied to determine if there was a correlation
between the tasks and the impact on individual reading models.
Table 3 reports the values obtained for the data from experiment
1 and shows tasks affected both the Scan to Read and the Read
to Scan state transitions.

Fig. 2 plots the variance in the Scan to Read and Read to Scan
transition probabilities from the average transition probability
over all of the tasks for each participant for the journalism tasks.
Most participants were biased by OBI (advanced obituary task; task
level: document) to more frequently switch from scanning to read-
ing. For CPE (fact checking task; task level: segment) most partici-
pants were biased towards scanning.

The Read to Scan transition occurs when the participant arrives
at the end of a reading sequence and could transition to another
reading sequence or switch to scanning (Fig. 1). In those cases,
the opposite behavior was observed. For OBI, the bias to switch
to scanning was suppressed and they tended to continue to an-
other reading sequence. For CPE, participants were biased to
switch to scanning. INT appears to have had an effect similar to
OBI, and BIC had little impact.

Turning to the genomics search tasks, we did not find task ef-
fects on Scan to Read or Read to Scan transition probability. This re-
flects the relative uniformity of genomics tasks with respect to task
facets.
anuary 2022
5.2. Task and page type effects

5.2.1. Task effects on text acquisition
A direct, but rough, measure of textual information acquisition

by reading is to count the number of pixels in a horizontal line cov-
ered by the lexical eye fixations. One output of our reading model
implementation is the pixel length of the reading sequences iden-
tified in the input sequence of fixations. The total length covered in
Table 3
Friedman’s rank sum test for task effects on participant reading model parameters.

Reading model state transition Friedman v2 df p-Value

Scan ? Read 17.7 3 <0.001
Read ? Read 3.3 3 0.35
Read ? Scan 17.0 3 <0.001
Scan ? Scan 2.9 3 0.41
isolated lexical fixations, i.e. ‘scan’ fixations, is calculated simply as
70 pixels per scan fixation based on Tobii’s default 35 pixel foveal
radius mapping to the display. Our methodology allows for an esti-
mation of both the total display length of lexical processing and
distinguishing isolated text acquisition and the amount acquired
in reading groups of words.

The total text acquired over the course of task, and the means
by which it is acquired may reveal differences between task types.
To investigate this, we calculated the pixel length of the reading
subsequences in each page using the reading model algorithm.
We report these text acquisition results as number of display pixels
in the plots. This is not easily interpreted however, so from time to
time in presenting the results we will convert these measurements
to the number of words acquired. To do this, we sampled a number
of content and search pages in the journalism experiment as re-
corded in the Tobii movie and calculated a mean of 0.016 glyphs
per pixel. The average word length in the English language is 4.5
(Shannon, 1951), and so the rough conversion to number of words
acquired is: numWords = (readingPixelLength � 0.016)/4.5 .

Fig. 3 (left hand side) shows the total text acquisition, which is
the sum of the text acquired in reading sequences and from the iso-
lated lexical fixations, for content pages and for SERPs. For content
pages the total text acquired was greatest for BIC and least for CPE,
but the difference was not quite significant. However, total text
acquisition in SERPs by task was significant. For total text acquisi-
tion by scanning BIC and OBI were highest and CPE and INT were
lowest (Kruskal–Wallis chi-squared = 15.31, p < 0.002). The same
was true for total text acquired in reading sequences on SERPs
(Kruskal–Wallis chi-squared = 21.80, p < 0.0001). Likewise for the
total text acquisition where the same pattern was observed (Krus-
kal–Wallis chi-squared = 23.51, p < 0.0001). Roughly, the mean
number of words acquired in each task was: BIC (263), CPE (97),
INT (91), and OBI (184).

These results may be seen to reflect a facet of the journalism
task categorization (Fig. 3-left). BIC and OBI are distinguished from
CPE and INT by high complexity. Recall that in Li’s task classifica-
tion scheme complexity is the number of steps required to com-
plete the task.

When the average amount of text acquired is considered (Fig. 2
right hand panel) there is no significant difference between the
tasks on SERPs using the Kruskal–Wallis non-parametric test. For
content pages, there is a significant task difference for CPE (Krus-
kal–Wallis chi-squared = 7.86, p < 0.05).



Fig. 3. Total text acquired (left panel) and per page average text acquired (right panel) in screen pixels for the two page types (SERP and content).
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The existence of task influences on text acquisition in total text
acquired and text acquired on average pages makes it worthwhile
to further analyze task influences by looking at effects on individ-
ual pages. To do this we looked at the state transitions on pages
and on the contributions of reading sequences and isolated lexical
scanning fixations to the information acquisition during a task.

5.2.1.1. State transitions and page types. We counted the number of
Scan to Read and Read to Scan state transitions and calculated the
number of these transitions on a typical SERP and a typical content
page. These average transition counts provide some insight into
the engagement and use of SERP page types and content page
types.

In Fig. 4 it is clear that the BIC task induces the largest number
of both Scan to Read (Kruskal–Wallis chi-squared = 12.18, p < 0.01)
and Read to Scan (Kruskal–Wallis chi-squared = 13.25, p < 0.005)
transitions on an average SERP. Again, BIC’s combined task goal
and complexity facets distinguish it from the other tasks. It is plau-
sible that the amorphous nature of the task goal may induce more
switching on SERP pages to identify potentially useful links.

State transitions in content pages tell a different story. Fig. 4
(right hand panel) shows the situation for state transitions on an
‘average’ content page. Here the CPE task asserts itself. The
distinctly higher number of both Scan to Read (Kruskal–Wallis
chi-squared = 9.43, p < 0.05) and Read to Scan (Kruskal–Wallis
chi-squared = 9.57, p < 0.05) state transitions reflects the task level
facet. The copy-editing (CPE) task is to be addressed by small units
of text, specifically a fact in a context, so it is to expected that
someone performing such a task might adopt a strategy of looking
for a key word (or number in this case) and then read to confirm
the context. All of the other tasks had a ‘‘document’’ value of the
task level facet, that is, processing of the entire page to determine
its usefulness for the task.

5.2.1.2. Text acquisition by reading vs. scanning. The reading model
algorithm enables distinguishing the amount of text acquired in
reading sequences from the text acquired in isolated lexical fixa-
tions. Recall that, apart from the ability to gain some insight into
the spatial processing of the page, there is a qualitative difference
in the semantic content that can be acquired in these uses of read-
ing. That is, scanning enables only extraction of information from
individual words or short phrases, while reading in extended fixa-
tion sequences can acquire more sophisticated meaning from
words, for example by processing sentences. So it is not unreason-
able to think that tasks with different characteristics might bias
information acquisition strategies in the mixture of reading by iso-
lated scanning and reading sentences, etc. Further it is reasonable
to think that SERPs and content pages may reflect differences in
text acquisition given their distinct roles in the interactive infor-
mation retrieval process.

Fig. 5 (left hand panel) shows that average text acquisition by
scanning on SERPs and content pages. The right hand panel shows
the average text acquisition via reading sequences. In text acquisi-
tion in reading sequences, CPE had more text acquired on an aver-
age content page (Kruskal–Wallis chi-squared = 7.86, p < 0.05) as
compared to the other tasks. The same was true of text acquisition
in scan fixations on content pages (Kruskal–Wallis chi-squared
=13.14, p < 0.005).

Turning to text acquisition from reading in isolated scan fixations
(Fig. 5 left hand panel), we found a similar pattern in task influences
when compared to the text acquisition via reading sequences. These
effects were significant in SERPs (Kruskal–Wallis chi-
squared = 15.31, p < 0.001) and in content pages (Kruskal–Wallis
chi-squared = 7.86, p < 0.05). On SERPs, BIC is again significantly dif-
ferent and supports the observations on SERP page state transitions.
It is reasonable to hypothesize that overall, participants tended to
allocate more effort to processing SERPs when the task goal was
amorphous as compared to other tasks. Table 4 summarizes the task
facet relationships with task effect results we found in analyzing text
acquisition and state transitions on SERPs and content pages.

We looked at a number of other properties of basic eye fixation
measurements and of characteristics of reading sequences identi-
fied by our reading algorithm. We also found that properties of
reading subsequences within a page showed significant task ef-
fects. In particular, tasks affected the length of the reading se-
quence (in pixels) (p = 0.001), the average saccade to the next
fixation in the reading sequence (p < 0.05) and the number of ret-
rograde saccades in the reading sequence (p < 0.05). Retrograde
saccades are regressions that are characteristic of reading se-
quences. There is evidence that the probability of a retrograde
saccade is associated with the difficulty or unfamiliarity of the text
(Starr and Rayner, 2001).



Fig. 4. Reading model state transitions per page. SERPs (left panel) and content pages (right panel).

Fig. 5. Text acquired (pixel length) per page via scanning (left panel) and reading (right panel).
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We also looked at the mean of the sum of the fixation durations on
SERP pages and on content pages normalized by the number of
pages. Diving this by the number of fixations in the task provides a
‘cognitive speed’ measure, which provides an indication of the rela-
tive duration of cognitive processing on each page type. SERPs had a
‘cognitive speed’ of about 1.5 times that of content pages. These re-
sults were consistent across tasks but there were no significant task
differences. This result does agree with intuitions about the relative
cognitive effort of processing a SERP page to recognize a potentially
good link vs. processing a content page to extract information.

5.3. Individual biases in Reading models

Fig. 6 shows the differences between individuals for reading
model state transition probabilities in the journalism and the
genomics search tasks. For each participant, it shows the range of
the reading model state transition probabilities that reflect a deci-
sion to switch from scanning to reading (Scan to Read) or to switch
back to scanning rather than continue reading (Read to Scan). One
can also see the differences in individual biases to make these deci-
sions to switch. Note that the participants have been ordered by
the mean transition probability measured over all of their tasks.
One can see there are variations in the values of the Scan to Read
parameter. When all participants are considered, it appears there
is both a similar range of differences in values and the range of
individual variability for the Scan to Read and Read to Scan transi-
tion probabilities for participants in both of the experiments. Indi-
vidual differences in patterns of eye movements to acquire textual
information have been demonstrated (Hyönä et al., 2002), so these
results are not surprising.

What is interesting is the pattern for individuals in the state
transitions. In Fig. 6, line segments have been drawn between
the state transition values for each participant. These lines are
coded to indicate the measured operation span for each partici-



Table 4
Summary of relationships between task effects and task facets in experiment 1
(journalism).

Variable Related task facet(s)

Total text acquired on SERPs Task complexity: more text
acquired in BIC and OBI

Amount of text acquired (in reading states)
per page on SERPs

Task goal: amorphous (BIC)

Text acquired and the number of state
transitions per page on content pages

Task level: segment and task
product: factual (CPE)
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probability as compared to the rest of the participants. This is
unexpected. To see why, consider the two state reading model in
Fig. 1. The read and scan states are independent of one another,
and it is obvious that the state transition probability for Read to
Scan is not necessarily equal to the complement of the Scan to Read
state transition probability. That is:
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There is no analytic reason to expect this pattern in the data. As
Fig. 1 shows, a user makes a choice at the end of a reading se-
quence of eye fixations, for example at the end of a line of text.
They can continue reading by starting a new sequence of reading
fixations, for example by reading the next line of text or jumping
to a different place in a document but immediately begin reading.
The alternative is to decide to scan (both reading and scanning, as
defined here, are lexical and in each case the user can acquire infor-
mation from the text they fixated on). In short, there is no reason to
suppose a person’s reading model biases could not include both a
tendency to switch from scanning to reading and a bias to switch
to reading from scanning. Fig. 6 provides evidence that for these
very different task domains many participants were relatively con-
sistent in their general bias towards reading or towards scanning.
An appealing explanation is that an individual may have a general
bias towards reading behavior and so their typical reading model
parameters would differ from someone with a general bias
towards scanning. Those who were inclined to switch to reading
Fig. 6. Journalism (left) and genomics (right): differences between individual state tran
tasks) (transition probability names (p, q) come from Fig. 1).
from scanning were also inclined to continue reading as compared
to others. In contrast, other participants were biased towards scan-
ning in the same way.

Fig. 6 provides evidence for clear individual differences in
reading models over two search task domains. There is a high
correlation between the individual differences in each of the exper-
iments. The non-parametric Spearman rho is 0.91 (p < 0.001) for
the Journalism experiment and 0.85 (p < 0.001) for the genomics
experiment. The results demonstrate there are differences in mean
transition values and differences in individual variability in reading
behavior. We observed a similar distribution of mean values for the
Scan to Read and Read to Scan transition probabilities for individ-
uals. These results suggest there may be a consistent individual
bias towards reading or scanning regardless of the search topic
domain.

For the journalism experiment results, we looked for correla-
tions between these individual differences in state transition prob-
abilities and the results of the operation span cognitive test
administered before the experiment. No significant correlations
were discovered. In a similar vein, the domain knowledge calcula-
tions for the individuals in the genomics experiment were com-
pared with the individual differences shown in Fig. 6 (right hand
panel), Again, no significant correlations were found.
6. Discussion

Reading is an important mechanism for information acquisition
in interactive information tasks. To explore for relationships be-
tween factors known to affect information search behaviors and
information acquisition during a task via reading, we implemented
a model of reading based on eye movement patterns. We used the
algorithm to process eye tracking data and describe the experi-
ment task sessions in terms of the participant reading behaviors.

In the journalism experiment, we developed realistic work tasks
to elicit generalizable task behaviors. Although we did so with an
eye towards gaining some variation in the values of task facets in
Li’s categorization of task types, we did not seek to maximize the
task facet differences in the various dimensions to avoid having
tasks that were artificial. So the classifications of the experiment
tasks have task facet differences, but also many similarities.
sition probabilities Scan to Read (p) minus 1 � Read to Scan (1 � q) (mean over all

rsity user on 10 January 2022
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In view of this, it is interesting that effects seen at several levels
of analysis of the low-level reading behaviors in patterns of eye
movements seem to correlate well with some of the facet distinc-
tions in the tasks (Table 1). Several of the effects are summarized in
Table 4. For example, in the total amount of text acquisition to
complete a task, the tasks with the complexity facet value of high
(BIC and OBI), meaning more steps were required to complete the
task, were distinguished from CPE and INT which had low com-
plexity values.

The task influences on differences in reading behaviors were
also manifest when the analysis was extended to page-level inter-
actions in the SERP and content page types. For example, BIC,
which was uniquely distinguished by having an amorphous task
goal, appeared to have induced more intensive processing of SERPs
as compared to the other tasks. In content pages, BIC and OBI tasks
which had a task complexity facet value of high resulted in the
highest total text acquisition. This can be attributed, as indicated
by the complexity task facet value, to the number of steps required
to meet the task need. When the activity on an average page was
analyzed, the low complexity CPE task stood out as the task with
the most activity, both in terms of text acquired and in the number
of state transitions. CPE was distinguished from the other tasks in
that it had a specific task goal, and a ‘segment’ task level, meaning
that the task goal could be satisfied by processing only portions of
a document. In particular, on average, CPE content pages had more
state transitions and more reading, both in sequences and in iso-
lated lexical fixations.

This task effect may, however, be due both to the nature of the
task and to the relation of the task to the information system. It
also serves to illustrate the complexity of the information interac-
tions in this task environment and the value of the reading model
methodology to illuminate information interactions at these fine-
grained levels of analysis. CPE, being as it is specific and factual,
is an example of a well specified search task. These types of search
tasks generally allow people to structure more effective queries to
the search system and receive SERPs more likely to hold highly-rel-
evant results as compared to other task types. Appendix A has the
task specifications as they were given to the participants. Contrast
the type of query one might make for CPE and expected quality of
search results with the same for BIC, where the nature of the infor-
mation required in the task goal facet was amorphous. It seems
plausible that participants processing pages for CPE may have vis-
ited those pages with the belief the needed task information was
contained in those content pages. This observation about the ex-
pected search results in the SERP also helps to explain the greater
activity on SERPs for the BIC task. It is also worth noting that our
selection of highly attended pages for this analysis may have
tended to select content pages reflecting some beliefs by the par-
ticipants about the potential usefulness of the page to their task.

Nonetheless, the findings for the CPE task influence provide a
good example of the value of our reading model methodology to
investigate task effects on information acquisition interactions at
multiple levels. We were able to investigate the total amount of
text acquired, and look at interactions at the page level through
the examination of average values of reading state switching and
text acquisition for a page. It is obvious this approach can be ex-
tended to process sequences of pages, which constitute task seg-
ments, and so allow for research into information acquisition by
task stage and in sub-tasks. This may be valuable in connecting
identified correlations between eye movement patterns and task
behaviors in user studies with real-world data because identifica-
tion of entire tasks is often difficult in search logs and server-side
data. It may be easier to identify sub-task behaviors.

A strength of this work is the diversity of the experiment do-
mains and the participants. The information search tasks were
conducted by distinct user groups: undergraduate journalism ma-
jors and a variety of undergraduates and graduate student in bio-
logical sciences. The types of tasks were developed in a situated
work task setting. The undergraduate journalism majors were en-
gaged in tasks that are typical for professionals (and for which
they had already received training). The journalism study was de-
signed to examine task behavior using realistic tasks in an uncon-
strained setting but in controlled conditions. The genomics study
examined search task behavior using real search tasks for scien-
tists. The students used a search system and accessed an appro-
priate part of the Medline database used by biological scientists.
All of the tasks were examples of cognitively complex information
search tasks a professional might conduct. The diversity of the
participants and the nature of the tasks suggest our results can
be generalized.

One unexpected result for both experiments was the peculiar
distribution of participants ranked by their Scan to Read and Read
to Scan state transition probabilities. An individual with a rela-
tively higher Read to Scan state transition probability tends to also
have, compared to the other participants, a lower Scan to Read
state transition probability. There is no analytic explanation for
this effect as the two states are independent of one another
(Fig. 1). One rather intuitive explanation for this observation is that
eye movement behaviors during text search interactions are pri-
marily determined by individual differences and not much affected
by the task type or nature of the content page, e.g. whether it is a
SERP or a content page reached via click through on a SERP. This
result provides support for the findings of Rayner et al. (2009) that
there are individual and cultural differences in reading behaviors.
Their work demonstrated that reading behaviors are notably differ-
ent from other eye movement task behaviors, for example visual
search for objects and face recognition. These results also support
the findings of Hyönä et al. (2002) concerning differences amongst
information processing eye movement patterns on texts.

The individual differences in reading behaviors we observed are
a distinguishing feature of interactions with information systems
involving text and may be a component in the complexity of inter-
actions with these types of environments. This interesting pattern
turns out to be rather robust. It holds at the experiment domain le-
vel where one might expect such a pattern to be unlikely given the
experiment task treatments. At the task level, there is a clear pat-
tern in the journalism tasks (Fig. 2), but not in the genomics do-
main tasks as might be expected since these tasks were of the
same task type.
7. Conclusions

The availability of eye movement data in user studies of inter-
active information search provides a high-resolution view of the
user’s attention during these complex interaction tasks. Reading
behavior is of particular interest because it is necessary for acquir-
ing information from texts. It is clear reading is important for inter-
active information search tasks.

Reading models can capture aspects of an information acquisi-
tion process that is important for interactive information retrieval.
Recall that our interest is in personalization of interactive informa-
tion search. This means we need to provide input to information
search processes such that the response from the system, say in
the information resources offered, takes account of salient aspects
of the user and their task. Understanding how reading models are
affected by factors known to influence information search behav-
iors, such as the nature of the task and individual differences, pro-
vides a means to make richer models of tasks and users. The
specific mechanism to discover the appropriate model parameter-
ization is to look at correlations between the reading model
parameters, in the present case state transition values, and
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expressions of interaction behavior by users performing informa-
tion seeking tasks.

State transition models of the reading/scanning eye movements
reveal important information about a user’s cognitive processing of
displayed information. At the task level, users apply search and
processing strategies that depend upon properties of their primary
search task. In this work, we provide evidence for individual differ-
ences in reading models and for changes in an individual’s visual
cognitive processing strategy due to a high-level search task differ-
ences and web page effects.

Reading is a key visual cognition strategy used to meet the
needs of high-level information needs in complex cognitive tasks.
While there is substantial work showing a link between immediate
cognitive tasks and visual cognition strategies (Hayhoe et al., 2007;
Triesch et al., 2003) and individual differences in reading strategies
(Hyönä et al., 2002), we are not aware of previous work showing
effects of high-level information tasks on visual cognition strate-
gies using reading models.

It is known eye movements are cognitively controlled (Findlay
and Gilchrist, 2003). Our general interest is in the higher level
information acquisition during information search that may be re-
vealed through eye movements. In this sense, our work tries to
bridge from modeling reading as an immediate cognitive process
to modeling reading as a strategic cognitive process by asking
how lower-level models of reading are influenced by factors that
are known to influence higher-level cognitive processes that play
out in complex information tasks over extended interaction ses-
sions. It seems plausible that the user’s task might be a strong
influence in the decision to read or scan for information. Another
possibility is that it is influenced by a mental state of the user, in
particular the user’s knowledge that is germane to the task. Yet an-
other possibility is that individual differences, for example cogni-
tive abilities, are the primary influence.

The approach we have taken in this paper is to look at eye
movements in service of reading, that is, acquiring textual informa-
tion. A contribution of this work is the development of reading
models as a methodology to investigate information acquisition
interactions in complex environments, specifically in interactive
information retrieval setting. A virtue of the technique is the ability
to look at several levels of interaction behaviors: over the entire
task, in subsequences of tasks that may correspond to task stage,
and in detailed analysis of interactions on types of pages and on
individual pages. Since the algorithm requires only sequences of
eye fixation coordinates and durations as inputs, our implementa-
tion of the EZ Reader model can be used to re-analyze eye tracking
logs from existing experiments. It can also be used to build models
of one aspect of the information acquisition process for users and
tasks, which may be useful in personalizing information retrieval
systems. The technique can also be used in practical applications.
The algorithm is not computationally-demanding. Given eye track-
ing data, it could be employed in operational settings to make pre-
dictions about aspects of the user and their task by matching
calculated reading models with constructed models of relation-
ships between reading model-based information acquisition
parameters and user and task behaviors.

In this work, we constructed reading models of an individual’s
information seeking session and fashioned a state model of the se-
quences of lexical fixations. Our focus was on two state transitions
– Scan to Read and Read to Scan. Leaving aside transitions within
the reading sequence (in particular the transition to the terminal
fixation in the reading sequence) is justified by the statistical sig-
nificance of the state changes. These two states also have intuitive
appeal. It is natural to suppose at some level there is a decision – a
commitment – to reading a text segment or just a single word.

Modeling reading in search task sessions, and more generally in
complex information environments, involves the question: Which
cognitive level does the model address? This two state model is an
expression of a hypothesis about the relation between reading and
the use of reading as an information acquisition strategy. This is in
contrast with lower-level reading models, such as EZ Reader, that
describe the process of reading without getting into higher-level
cognitive processes served by reading processes. A two-state mod-
el is a simple system and, at this level of cognitive analysis, about
the simplest proposal that might possibly be fruitful. Certainly, this
idea can be extended with multi-state models based on patterns of
reading sequences and other dimensions, including page proper-
ties, cognitive load, and so on.

A general connection between information seeking tasks, at
both high and low levels, and eye movement behavior seems
plausible whenever information retrieval interactions depend on
a visual interface. User attention and cognitive resources, such
as working memory, constrain information acquisition for each
interaction as well as the information carried across interactions
in the session. So a user’s information seeking strategy, say a
search strategy, affects the visual cognition strategy, e.g. an initial
stance to scan rather than read a search results page, because of
user expectations about the information environment they will
process.

A strong argument can be made for this expectation of task ef-
fects from previous research results. Information science research
has established the existence of task effects on information search
behaviors. Reading is essential to acquire information in text
search environments and so it seems natural to expect task influ-
ences on the use of reading during information behaviors. It is grat-
ifying, then, to see task influences on the total amount of text
acquired, the number of state transitions on average pages and
the average amount of text acquired on a page. Differential effects
of tasks on reading in distinct page types, SERPs and content pages
were all observed,

The fact that the observed task effects reflected differences in
task facet values is also encouraging. It provides additional evi-
dence for the usefulness of Li’s task classification system. These re-
sults also support the general idea that interaction behaviors
expressed in eye movement patterns and in other ways, for exam-
ple by page dwell time, may be valid implicit indicators of the
user’s task type.
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Appendix A. Tasks

A.1. Journalism study tasks

A.1.1. Background information collection (BIC)
Your assignment: You are a journalist at the New York Times,

working with several others on a story about ‘‘whether and how
changes in US visa laws after 9/11 have reduced enrollment of
international students at universities in the US’’. You are supposed
to gather background information on the topic, specifically, to find
what has already been written on this topic.

Your Task: Please find and save all the stories and related mate-
rials that have already been published in the last 2 years in the
New York Times on this topic, and also in five other important
newspapers, either US or foreign.

A.1.2. Interview preparation (INT)
Your assignment: Your assignment editor asks you to write a

news story about ‘‘whether state budget cuts in New Jersey are
affecting financial aid for college and university students.
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Your Task: Please find the names of two people with appropri-
ate expertise that you are going to interview for this story and save
just the pages or sources that describe their expertise and how to
contact them.

A.1.3. Advance obituary (OBI)
Your assignment: Many newspapers commonly write obituar-

ies of important people years in advance, before they die, and in
this assignment, you are asked to write an advance obituary for a
famous person.

Your Task: Please collect and save all the information you will
need to write an advance obituary of the artist Trevor Malcolm
Weeks.

A.1.4. Copy editing (CPE)
Your assignment: You are a copy editor at a newspaper and you

have only 20 min to check the accuracy of the three underlined
statements in the excerpt of a piece of news story below.

‘‘New South Korean President Lee Myung-bak takes office Lee
Myung-bak is the 10th man to serve as South Korea’s president
and the first to come from a business background. He won a land-
slide victory in last December’s election. He pledged to make econ-
omy his top priority during the campaign. Lee promised to achieve
7% annual economic growth, double the country’s per capita in-
come to US$4000 over a decade and lift the country to one of the
topic seven economies in the world. Lee, 66, also called for a stron-
ger alliance with top ally Washington and implored North Korea to
forgo its nuclear ambitions and open up to the outside world,
promising a better future for the impoverished nation. Lee said
he would launch massive investment and aid projects in the North
to increase its per capita income to US$3000 within a decade ‘‘once
North Korea abandons its nuclear program and chooses the path to
openness.’’ Your Task: Please find and save an authoritative page
that either confirms or disconfirms each statement.

A.2. Genomics study tasks

The numbers refer to the TREC topic numbers in the 2005
genomics track. The categories are the MeSH tree names (e.g.
G05), and the reference following the task title is the node in the
MeSH tree. Task 22 was used for training. The other five tasks were
used in the study.

A.2.1. Category I: genetic processes
7 DNA repair and oxidative stress (1.7. DNA Repair [G05.195])
Need: Find correlation between DNA repair pathways and oxi-

dative stress.
Context: Researcher is interested in how oxidative stress effects

DNA repair.
22 Relative response of p53 family members to agents causing sin-

gle-stranded vs. double-stranded DNA breaks (1.4.2.1. Chromosome
Breakage [G05.180.210.170])

Need: Does p53 respond differently to different DNA-damaging
agents? Do they respond differently to single-strand vs. double-
strand breaks?

Context: DNA damage may cause cell cycle arrest or apoptosis.
p53 plays a role in mediating these sequelae of DNA damage.

A.2.2. Category II. genetic phenomena
45 Mental Health Wellness-1 (2.11. Linkage (Genetics) [G13.540])
Need: What genetic loci, such as Mental Health Wellness 1

(MWH1) are implicated in mental health?
Context: Want to identify genes involved in mental disorders.
42 Genes altered by chromosome translocations (2.18.4.3.12.

Translocation, Genetic [G13.920.590.175.870]
Need: What genes show altered behavior due to chromosomal
rearrangements?

Context: Information is required on the disruption of functions
from genomic DNA rearrangements.

A.2.3. Category III: genetic structure
49 Glyphosate tolerance gene sequence (3.7. Genome [G14.340])
Need: Find reports and glyphosate tolerance gene sequences in

the literature.
Context: A DNA sequence isolated in the laboratory is often se-

quenced only partially, until enough sequence is generated to iden-
tify the gene. In these situations, the rest of the sequence is
inferred from matching clones in the public domain. When there
is difficulty in the laboratory manipulating the DNA segment using
sequence-dependent methods, the laboratory isolate must be re-
examined.

2 Generating transgenic mice (3.7.1.5.37. Transgenes [G14.340.024.
340.825])

Need: Find protocols for generating transgenic mice.
Context: Determine protocols to generate transgenic mice hav-

ing a single copy of the gene of interest at a specific location.
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