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In recent years, searching the web on mobile devices
has become enormously popular. Because mobile
devices have relatively small screens and show fewer
search results, search behavior with mobile devices
may be different from that with desktops or laptops.
Therefore, examining these differences may suggest
better, more efficient designs for mobile search engines.
In this experiment, we use eye tracking to explore user
behavior and performance. We analyze web searches
with 2 task types on 2 differently sized screens: one for
a desktop and the other for a mobile device. In addition,
we examine the relationships between search perfor-
mance and several search behaviors to allow further
investigation of the differences engendered by the
screens. We found that users have more difficulty
extracting information from search results pages on the
smaller screens, although they exhibit less eye move-
ment as a result of an infrequent use of the scroll func-
tion. However, in terms of search performance, our
findings suggest that there is no significant difference

between the 2 screens in time spent on search results
pages and the accuracy of finding answers. This sug-
gests several possible ideas for the presentation design
of search results pages on small devices.

Introduction

The enormous increase in the volume of information on
the Internet has allowed users to access a range of data and
retrieve appropriate information. This has given rise to the
issue of developing search engines for user search perfor-
mance, which can be defined in terms of search speed and
search accuracy (Cutrell & Guan, 2007; Jones, Buchanan, &
Thimbleby, 2003; Palmquist & Kim, 2000; van Schaik &
Ling, 2001). Because search behavior is closely related to
search performance (Buscher, Cutrell, & Morris, 2009;
Granka, Joachims, & Gay, 2004), it is important to under-
stand users’ web search behavior in order to design effective
and efficient search tools. (In this article, “behavior”
includes a user’s overall interaction with the search results
page as well as eye fixations, reading and scanning patterns,
clicks, and scrolls.)

Research into user behavior when conducting web
searches, long studied in the field of human–computer
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interaction (HCI), has been performed by investigating
interactions between the user and the web server (Buscher,
White, Dumais, & Huang, 2012; Jansen & Spink, 2006;
Silverstein, Henzinger, Marais, & Moricz, 1998) and by
exploring users’ search behavior through individual inter-
views or diary studies (Kelly, 2006; Teevan, Alvarado,
Ackerman, & Karger, 2004). However, most recent studies
have used eye-tracking technology to determine how users
interact with each element of the web search results pages
(e.g., Buscher et al., 2009; Cutrell & Guan, 2007; Granka
et al., 2004; Lorigo et al., 2006). These studies have broadly
concluded that there is some implicit meaning behind user
search behavior, and this can be used to improve search
engine performance.

Web searches on mobile devices have become common
due to their convenience. People tend to access the Internet
to search for information by using handheld devices such as
smartphones or personal digital assistants (PDAs), even
when laptops and desktops are available. However, current
search engines do not provide different content for small
devices, instead essentially simplifying their results pages.

Is there any difference between user search behavior on
large and small screens? If there is, it may be worth rede-
signing the search results pages to support users’ search
performance by considering the differences in large and
small devices. In this article, we explore user behavior
and performance in web search on small and large screens,
and analyze the relationships between search speed and
several search behaviors in order to understand the differ-
ence in detail. Although several studies have investigated
differences in user interactions within web search results
between large and small screens for better design of search
results pages (e.g., Findlater & McGrenere, 2008; Jones
et al., 2003; Jones, Marsden, Mohd-Nasir, Boone, &
Buchanan, 1999), the research results have not yet
embraced search behavior captured by eye movements.
Recently, eye-tracking technology has begun to be applied
to eye movements relative to small devices (Biedert,
Dengel, Buscher, & Vartan, 2012; Drewes, De Luca, &
Schmidt, 2007; Nagamatsu, Yamamoto, & Sato, 2010). We
focus on the influence of different screen sizes by using
an emulator for the screen size of mobile devices on a
desktop monitor. This is intended to prevent any recording
interruption due to, for example, controlling a screen by
touch. Our goal is to investigate whether there are differ-
ences in search behavior across screen sizes and, if so, to
present ideas to design the presentation of search results
to facilitate faster search with higher accuracy on small
screens.

We first survey previous studies regarding search behav-
ior on the web, and describe our experimental design and
procedure. We then discuss how to measure this behavior.
Our results and a discussion of the differences found with
our screen sizes are addressed. We conclude by considering
the implications of our findings, proposing some ideas for
designing presentation of search results on handheld devices
as future studies.

Literature Review

In this section, we introduce some of the background
knowledge necessary for conducting this experiment. Four
general lines of study should be considered: potential out-
comes from an eye-tracking study, general search behavior,
search strategies on web search results pages, and user
interaction on small screens.

Eye-Tracking Studies

Eye tracking provides clues to user cognition as well as
user interaction in various fields of computer science (Jacob
& Karn, 2003; Rayner, 1998). In particular, for studies
regarding web search, numerous papers have stated that eye
tracking seems to facilitate our understanding of users’
attention, because the gaze can show which elements of web
search results pages receive attention (e.g., Aula, Majaranta,
& Räihä, 2005; Buscher, Dumais, & Cutrell, 2010; Dumais,
Buscher, & Cutrell, 2010; Cutrell & Guan, 2007; Granka
et al., 2004). Therefore, eye tracking is a promising method
for the experimental investigation of search behavior on
mobile devices.

Eye tracking is too large a research area to cover com-
prehensively in this section. Instead, we look at the major
factors relevant to this experiment. The main observations
made when using eye tracking are fixations and saccades.
Fixations can be defined as the moments when the eyes are
relatively stationary in order to take in some information;
fixation duration can be as short as 50–75 ms and as long
as 500–600 ms. Saccades are the continuous eye move-
ments between fixations. Velocities as high as 500 degrees
per second have been observed. Fixations can have numer-
ous meanings; saccades, even though it is widely believed
that they do not say anything about a user’s perception,
may provide some clues to search behavior from their
number or direction (for more details, see Rayner, 1998,
2009; Poole & Ball, 2006). We can define scanpaths
that depict a complete sequence of both fixation and
saccades.

The eye-movement behaviors just described have
several implications for understanding search behavior.
Goldberg and Kotval (1999) found that more fixations
indicates less effective searching, and that the optimal
scanpath in a search task exhibits a short fixation duration
and less hesitation. In addition, more fixations on a par-
ticular area of interest implies that the information there is
more important than that in other areas (Poole, Ball, &
Phillips, 2005), whereas a longer average fixation duration
is an indication of task complexity (Just & Carpenter,
1976; Rayner, 1998).

General Search Behaviors

Several approaches have been used to understand users’
search behavior on the web. One early method involved
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analyzing transaction log files, which contain information
about click-throughs, queries, and the scrolling interaction
between users and search engines (Jansen & Spink, 2006;
Silverstein et al., 1998). Silverstein et al. (1998) analyzed a
large query log file of requests to determine how users
interact with a commercial search engine. They suggested
that searchers primarily scan the first 10 search results and
rarely modify their query. Similarly, Jansen and Spink
(2006) found that searchers view fewer results to obtain the
information they need than in the past, and that longer time
is spent on search result pages than on other web documents.
They suggested that this may be due to a less complex
interaction between users and search engines than in the
past—a result of the general improvement in web search
engines. More recently, Buscher et al. (2012) supplemented
query logs with large-scale records of cursor movements and
text highlighting from a commercial web search engine.
They found that users who spent a short time on search
results pages tended to inspect just a few results, scroll less,
and use fast mouse movements.

Another approach uses diary studies and individual inter-
views to investigate user search behaviors, such as the
impact of task complexity (Byström & Järvelin, 1995), ori-
enteering behavior (Teevan et al., 2004), or context in online
information seeking (Kelly, 2006).

In the study by Byström and Järvelin (1995), some useful
results on general user behavior were highlighted, although
web search behavior was not explicitly investigated. The
links between task complexity, necessary information types,
information channels, and sources were analyzed by classi-
fying or categorizing their relationship. Data were collected
by a combination of diaries and questionnaires. The authors
found that the relationships among these factors were sig-
nificantly systematic and logical. For example, as task com-
plexity increased, users needed more information and a
greater number of sources, whereas the success rate of
finding the required information decreased.

Teevan et al. (2004) conducted an observational experi-
ment to investigate the way in which users look for infor-
mation on the web. This aimed to find an optimal search tool
design via a modified diary study supplemented with direct
observations and hour-long, semi-structured interviews.
They described “orienteering,” different from a “keyword
search,” as the search behavior whereby users obtain infor-
mation using small steps without specific information. Their
findings suggested that users often did not use keyword-
based search engines as part of the orienteering strategy, and
that orienteering behavior should be considered for web
search tools.

Kelly (2006) investigated collection of data about
information-seeking context, the aspects of this context, and
relationships among these aspects in “natural online envi-
ronments.” Using a diary study approach, she observed the
behaviors of seven subjects over a 14-week period. The
results suggested that the task and topic had significant
effects on the perception of usefulness of documents in
helping users complete tasks.

Analyzing transaction log files can determine user inter-
action in web searches in terms of explicit actions (e.g.,
mouse clicks, queries or cursor movement) with rich sta-
tistical results, and diary reports are useful in information
interaction studies. However, they cannot provide detailed
information about where users are looking. This seems to
be a limitation when attempting to determine why users
interact with different elements of web pages moment by
moment. If we can gain access to the gaze data, it is pos-
sible to not only analyze their search scanpath and scan-
ning strategy, but to also compare the search behavior
to explicit data such as search speed and click patterns.
Thus, we must consider studies that have focused on eye
tracking.

A great deal of research has been performed using eye
tracking to investigate behavior on search results pages.
Several studies attempted to find broad scanning patterns,
such as a “golden triangle” for an optimal search engine
design (Hotchkiss, Alston, & Edwards, 2005), an “F-shaped
pattern” for web usability (Nielsen, 2006), or better web
page design (Buscher et al., 2009), by measuring which
elements of web pages caught the searchers’ eye and the
sequence of eye movements while searching.

Broder (2002) developed a taxonomy to investigate
queries for the classification of user goals in web searches.
This taxonomy of web searches was divided into three
classes: informational, for finding information on one or
two web pages; navigational, for reaching a particular
page; and transactional, for performing a certain transac-
tion. As a result, he suggested that current search engines
need to determine the user’s goal in order to maximize
their satisfaction. Broder’s classification has been broadly
adopted.

Lorigo et al. (2006) studied differences in search behav-
ior by gender and task type (informational and navigational
tasks) using fixations and scanpaths. With scanpaths, they
defined a compressed sequence and a minimal scanpath, and
introduced three additional terms—complete, linear, and
strictly linear (a detailed description of these terms is given
in the next section). They found that the task type had no
effect on the scanpaths or search accuracy, but suggested
that the task type may impact the task completion time: users
tend to spend more time finishing tasks when conducting
informational, rather than navigational, tasks. They also sug-
gested that users do not normally follow the rank order given
by a search engine, with over 50% of subjects engaging in
regression (jumping back at least one link) and skipping
(jumping over one link) in a gaze sequence.

Some studies have focused on how searchers’ scans are
related to their click decision on search results pages.
Joachims, Granka, Pan, Hembrooke, and Gay (2005) and
Granka et al. (2004) have examined how eye fixations relate
to scrolling, and how users browse search results above and
below their final selections. Their results indicate that sub-
jects rarely scan below the selected link except when the link
is at the page fold (in which case users often scan further).
They also found that users’ fixations are significantly
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clustered within the results ranked one and two places before
their selection. These findings suggested that users tend to
move from top to bottom when scanning the result listings.
Furthermore, Joachims et al. (2005) found that participants
were influenced by the relevance of the results, indicating
that users scanned more links, and clicked relatively lower
ranks, in a “reversed” condition (with a poorer ranking) than
in the “normal” condition. Guan and Cutrell (2007) sug-
gested a similar result. They examined users’ search behav-
ior when the rank orders of relevant results were
manipulated, and found that the search efficiency was
greatly decreased when the relevant links were located in
lower positions on the results pages. This is because the rank
order affects search time and the rate of finding correct
answers. The findings of the two studies were explained by
the strong “trust bias” users have regarding the rank order of
search results.

A study by Cutrell and Guan (2007) focused on the com-
position of three elements on search result pages (title, snip-
pets, and URLs). They manipulated the elements in the
presentation of the results pages to investigate the effects. As
a consequence, they found that adding information to the
snippet significantly enhanced search speed and accuracy
for informational tasks, whereas it worsened performance
for navigational tasks. They also observed a higher success
rate in navigational searches.

Search Strategy

Several studies have classified users’ search behavior
according to gaze patterns. Klöckner, Wirschum, and
Jameson (2004) found that 52–65% of participants used
what they call a “depth-first” strategy (the subjects scanned
only the links above the selected link, that is, they clicked it
as soon as they saw an attractive link), 11–15% used a
“breadth-first” strategy (the subjects looked through all the
links before making a decision and selecting a link), and the
remaining 20–37% showed a “mixed” strategy (looking
ahead a few results past the link they selected). Aula et al.
(2005) defined two kinds of search strategy in terms of
users’ evaluation patterns. They suggested that the 54% of
subjects who scanned less than half of the visible results
were “economic” evaluators and that the others had an
“exhaustive” evaluation style.

Dumais et al. (2010) extended this classification and
defined three clusters: “economic-results” users who look at
few additional results below the link they selected,
“economic-ads” users who regularly look at advertisements,
and “exhaustive” users who scan the results broadly. Mea-
sures of fixation and scanpaths were used to identify the
users’ search strategies when viewing the results of major
commercial search engines that include additional spon-
sored links or advertisements. According to their findings,
the economic-results and economic-ads groups tended to
spend more time on the first three results than did the
exhaustive users (68%, 61%, and 53%, respectively), and the
total fixation time of each group showed that the exhaustive

participants reviewed the results most slowly. In addition,
the exhaustive users had different scanpaths than the other
two groups.

User Interaction on Small Screens

A few researchers have investigated explicit user interac-
tion with small screens on web search results pages,
although these studies did not record eye movements. For
example, Jones et al. (2003) compared users’ abilities
among three kinds of interfaces: mobile phone-sized, hand-
held computer-sized (PDA), and conventional desktop. They
found that users take more time to complete tasks and
exhibit lower task success rates on smaller screens. They
suggested several guidelines for the design of small screens
to improve user search performance such as sufficient infor-
mation in a search result, some marker to indicate that a link
will display a small-screen-optimized page, and preprocess-
ing conventional web documents for small devices.

Despite the interest in web search behavior, only a few
eye-tracking studies have been conducted on small screens.
Drewes et al. (2007) investigated gaze interaction for con-
trolling applications on a handheld device using dwell time
and gaze gestures. Further, Nagamatsu et al. (2010) investi-
gated a remote gaze tracker for mobile devices with stereo
gaze tracking. Recently, text interaction and reading per-
formed on an actual mobile touch screen device was ana-
lyzed by Biedert et al. (2012). However, we could find no
investigation that used eye tracking to study user behavior in
web searches on small devices.

The research presented in this article extends previous
studies with the aim of understanding the differences in user
search performance and behavior on the web with respect to
two differently sized screens and two task types—
informational and navigational. As well as considering dif-
ferences in behavior, we compare relationships between
search performance and behavior across the two sizes of
screens. Furthermore, we suggest some improvements that
may enable the design of a better presentation method for
search results pages on small screens.

Experimental Design

In this section, we explain the experimental design and
our procedure. Using an eye-tracking instrument, mouse
movement logging, and other instruments, we recorded gaze
and click data from 32 participants as they interacted with
web search results. Subjects completed a total of 640 search
tasks, on both large and small screens, with the Google
mobile search engine. The “large” screen showed 10 search
results, whereas the “small” screen showed only about three
results and was designed to have a screen size similiar to
popular mobile devices.

Participants

Thirty-five subjects (19 male) between 18 and 50 years
old, from various disciplines and recruited on campus at a
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local university, participated in the eye-tracking study. All
subjects claimed to be experienced in web searching, and
were quite familiar with the Google search engine. We
excluded the results from three participants (2 male, 1
female) for technical reasons (e.g., stability problems with
eye tracking).

Tasks

Each participant completed 20 search tasks. Following
Lorigo et al. (2006), we adopted two task types—
informational and navigational—each represented by 10
tasks to investigate the influence of the task type. Each task
was shown to the participants with a task description and a
predefined query. The descriptions and queries were
obtained from Dumais et al. (2010) and then modified for
local participants (see Table 1; see also Appendix A1 for
further details). Search results were retrieved from the
Google mobile search engine, from which we removed
images, maps, and related links so that all tasks showed the
same elements (see Figure 1). All results pages were cached
as local files in the system and relevant pages were shown
when subjects chose the links. The tasks were very simple,
needing only 1–2 min to complete. The initial queries were
effective: 18 of the predefined results pages contained a
relevant solution within the top three results, with the other
two including a relevant result in ranks 4–6.

Design

The participants were divided into four groups of eight,
and the tasks were arranged in two sets: set 1 consisted of
informational tasks 1–5 and navigational tasks 1–5 in rota-
tion; set 2 contained the remaining tasks analogously (i.e.,
set 1 consisted of 〈I1, N1, I2, N2, . . . N5〉 and set 2 of 〈I6,
N6, I7, N7, . . . N10〉, where “I” denotes an informational
and “N” a navigational task). Each subject performed both
task sets, one on a large screen and the other on a small
screen, and both the set order and screen order were coun-
terbalanced across subjects. In other words, subject 1 per-
formed task set 1 (TS1) on the large screen and then task set

2 (TS2) on the small screen, followed by subject 2 perform-
ing TS2 on the large screen and then TS1 on the small
screen, and so on (see Table 2). Therefore, each task was
distributed 32 times (16 times on each screen size) across the
participants.

Procedure

All participants first listened to an introduction to the
experiment, and practiced two sample tasks on each
screen until they were familiar with the system. Their head
was then fixed on a chinrest to ensure higher eye-gaze
detection accuracy, and the eye tracker was calibrated
using 5-point calibration (see Figure 2). Next, we gave the
participant the first task description, an initial query, and
then showed the results page. This procedure was repeated
for all 20 tasks according to an automated schedule. A
time notice was given 3 min after starting each task, after
which the subjects were free to either take more time to
find the answer or move on to the next task. Participants
were not allowed to type queries, as looking at the key-
board often caused eye tracking to be lost. However,
as explained, the cached search results pages included suf-
ficient relevant links to acquire the answers, and partici-
pants should not have required the keyboard during the
experiment. Furthermore, they could continue to the next
page of results or follow links from the list of results. The
participants could ask for a full task description if they did
not understand the task sufficiently. At the end of the
experiment, the subjects were asked to complete a ques-
tionnaire about their web search experience. The experi-
mental run time was approximately 30 min for each
participant.

Apparatus

All search results were obtained from the Google mobile
search engine and displayed in Internet Explorer 8. Eye gaze
was recorded by Facelab 5 with a desk-mounted 17″ LCD
monitor and a chinrest, and data analyses were performed
using the Eyeworks software (http://www.seeingmachines
.com/product–/facelab/).

The large screen ran at a default resolution of
1280 × 1024 pixels. To simulate the small screen of a mobile
device, we used the same monitor but with a browser limited
to a 320 × 480 pixel window. Although the experiment was
not performed on an actual mobile device, the small browser
was adjusted to show a font size and number of search
results that were similar to a current smartphone. To
compare the effects of different screen sizes, we adopted the
same font on both browsers. With these settings, in the case
of the large screen, there was no fold and the 10 search
results were clearly visible without needing any user scroll-
ing (see Figure 1), whereas on the small screen the fold
normally occurred a little after the third search result (see
Figure 3).

TABLE 1. Examples of task descriptions and queries.

Task description Initial task query Task type

Find the official homepage of the
Canberra casino and hotel in
Canberra.

Canberra Casino Nav

Go to the homepage of the Canberra
Cavalry baseball team.

Canberra cavalry
baseball

Nav

What is the standard length of a cue
used for playing billiards?

billiard cue size Info

How many spikes are in the crown of
the Statue of Liberty?

statue of liberty
crown spikes

Info

Note. Nav denotes navigational task and Info denotes informational task.
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Measurements

We took several measurements for each participant, task,
and screen size, focusing on search performance and
behavior.

Search Performance

As described in the Introduction, we considered partici-
pants’ search performance via two factors: search speed,

FIG. 1. Search results as shown on the large screen. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

TABLE 2. Examples of experiment design for each group.

Task set, order, and screen size

Group 1 (N = 8) TS1 on L, and then TS2 on S
Group 2 (N = 8) TS2 on L, and then TS1 on S
Group 3 (N = 8) TS1 on S, and then TS2 on L
Group 4 (N = 8) TS2 on S, and then TS1 on L

Note. L denotes a large screen and S denotes a small screen.

FIG. 2. A sample of the experimental environment. [Color figure can be
viewed in the online issue, which is available at wileyonlinelibrary.com.]
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measured mainly as time spent before the first click on the
search results page and also as the task completion duration;
and search accuracy, measured as the proportion of correct
answers at the first attempt.

Search speed. Two explicit measurements of user search
speed were recorded during the experiment: the elapsed time
to the user’s first click and the total duration of each task.

Because users’ paths might diverge after their first click,
and there was a 3-min time limit that was rarely reached
before task completion, we calculated the gaze time spent
prior to the first click as the major indicator of search speed.
This differs from the approach of Cutrell and Guan (2007)
and Jones et al. (2003), who measured the task completion
duration to indicate the search speed. The gaze time can be
calculated from when the contents are shown on the browser
to the first click on a link. This indicates how long users
spend making their decision.

The other measure, task completion duration, is the time
between starting on a search results page and either finding
a correct answer or reaching the time limit. This was
recorded as a supplementary measurement of search speed.

Search accuracy. We considered the search accuracy to be
1 if users chose a relevant link that contained a correct
answer on a search results page, and then found the answer
on the first selected page. Otherwise, the search accuracy
was assigned a score of 0. In the experiment, the subjects
were informed that once they obtained the correct answer,
they needed to provide this answer to the experimenter. If
they chose not to do so, even after finding the correct answer
on the first selected page, then the search accuracy would be

(incorrectly) assigned a score of 0. We also reviewed another
measurement of accuracy (following Cutrell & Guan, 2007)
that counts how often users click “only one best result.”
However, determining the best link was impossible for infor-
mational tasks in our experiment, because there were several
equally good candidates. (There is, of course, only one best
result for the navigational tasks.)

Search Behavior

To study search behavior, we measured fixations and
other gaze behavior, click patterns, scanpaths, scrolls, and
similar interactions.

Fixation duration. Fixation duration on an area of interest
(AOI) is a useful representation of how long a user spends
obtaining information from a particular place (Dumais et al.,
2010). As all initial search results pages had the same com-
ponents (10 ranks and the periphery, e.g., a query box,
category tabs, or blanks between AOIs), we assigned 10
AOIs to each search results page to investigate users’ atten-
tion. Each AOI corresponded to a search result; that is, a
clickable link along with its snippet text and a URL. The
fixations were recorded if a gaze lasted at least 75 ms and if
the gaze locations were close to each other (within a radius
of five pixels), using the algorithms in the Eyeworks soft-
ware. Although these values for the fixation duration and
radius are relatively small compared to previous work (nor-
mally 100–300 ms and over 10 pixels; see, e.g., Granka
et al., 2004; Rayner, 1998), we have optimized the figures
for the font size of the initial search results pages presented
by the Google mobile search engine, and the parameters are
in line with those of Rayner (1998). We measured the mean
fixation duration for each task and AOI, bearing in mind that
a longer fixation duration indicates that it is more difficult to
extract information from that task or AOI (Just & Carpenter,
1976; Rayner, 1998).

Click pattern. Click points were also recorded to analyze
whether subjects chose correct answers, as well as how
much bias the participants displayed with regard to result
rank orders on each screen. In particular, users’ first clicks
were recorded as one method of determining search accu-
racy (see the subsection on search accuracy). We divided the
click pattern into the top links (rank 1–3) and the others to
investigate the bias and the frequency of scrollbar use.

Scanpath. Even though AOIs are invaluable in understand-
ing where users are looking, and for how long, they do not
by themselves provide any sequence information. Scanpaths
capture this: A raw scanpath is simply a series of fixations on
a results page, ordered by time. We also adopted the com-
pressed and minimal scanpaths introduced by Lorigo et al.
(2006). If we assume that the original scanpath is 2-2-1-1-
2-3-3-4-5-5-4 (the numbers refer to the AOI rank of each
fixation), the compressed sequence given by aggregating
subsequent fixations is 2-1-2-3-4-5-4 and the length value is

FIG. 3. Search results as displayed on the small screen. [Color figure can
be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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seven. That is, the compressed sequence describes how
many ranks the user has viewed, including repeat visits. The
minimal scanpath, given by removing repeat visits, is 2-1-
3-4-5, which has a length value of five. In other words, the
minimal path can be interpreted as how many different links
a user has viewed before making a selection, as well as
showing the overall sequence of fixations.

Scanning direction. With these two definitions, we may
analyze three further types of scan pattern by refining the
measurement methods of previous studies. Similar to previ-
ous work (Dumais et al., 2010; Lorigo et al., 2006), the first
method describes a pattern as complete if the user inspected
all of the links before making a selection. Next, a scanpath is
said to be linear if the minimal path is monotonically
increasing. This means that the user can only look ahead one
or more ranks at a time, or back at ranks they have already
observed in the original scanpath. Finally, a scanpath is
strictly linear if the compressed sequence is monotonically
increasing without any skips or regressions. In our measure-
ments, a skip is defined as a jump of more than one rank
(e.g., from rank 2 to 4) and a regression is a jump back of at
least one rank (e.g., from 4 to 3).

In addition, because previous studies did not consider
jumps of more than one link (e.g., from rank 3 to 5) in the
definition of the linear pattern (or for not strictly linear), we
added the condition that skips are allowed from the mono-
tonically increasing point of view. For example, if we
assume that the original scanpath is 1-1-2-4-2-5, the
minimal scanpath is 1-2-4-5 and it increases monotonically.
Thus it can be considered as a linear pattern, although it
includes skips (2 to 4 and 2 to 5) and a regression (4 to 2) to
a link which is already observed. However, this cannot be a
strictly linear pattern, because the compressed sequence
(1-2-4-2-5) does not increase monotonically but includes
skips and a regression. Any pattern which is strictly linear is
also linear, by definition.

Furthermore, past studies do not seem to include the case
where users look at only one link and select it immediately.
If users often make such a decision during the experiment,
we should consider such cases. Therefore, we measured two
linear and strictly linear patterns, which are named linear
and linear or/ID (or immediate decision) and strictly linear
and strictly linear or/ID. Any pattern that is linear or/ID is
also strictly linear or/ID (and vice versa), and the com-
pressed sequence will have length 1. For example, if a user
only looks at rank 2, and then selects the link, the behavior
is considered neither linear nor strictly linear, but is both
linear or/ID and strictly linear or/ID.

Skip and regression. The compressed and minimal scan-
paths also present skip and regression patterns. We decided
to investigate skips and regressions in the data, as only the
overall rate was given in a previous study (Lorigo et al.,
2006). In this experiment, the proportion of skips and regres-
sions and the distance between links were measured for each
screen size and task type. We also analyzed cases in which

users either looked at rank 1 or 2 before the skip (SAT: Skip
After looking at Top ranks) or jumped back to rank 1 or 2
after reading further (RTT: Regression To Top ranks). This
may give some insight into the users’ trust in the ranking
presented by the search engine.

Change of scan direction: ScanUp and ScanDown. As
introduced by Dumais et al. (2010), changes in scan direc-
tion can be measured using ScanUp and ScanDown metrics,
which record how often a user scanned up or down the
ranked results until making their first selection. The scan
downward sequence is determined if more than two subse-
quent compressed paths show the same downward direction
(e.g., from position 2 to 3, and then from 3 to 4) or if there
is a skip downward between two entries of a compressed
path. The scan upward sequences are measured similarly.
We counted the number of ScanDown and ScanUp occur-
rences to show the frequency of changes in scan direction.
For example, if the compressed scanpath is 2-3-4-3-4-2-4, it
has two ScanDown events and one ScanUp.

Maximum gaze position and scroll. Following Dumais
et al. (2010), we recorded the maximum gaze position to
gauge the highest rank looked at by users. This value is not
only helpful in further analyzing the results of search strat-
egy with trackback values (see subsection, Search Strategy),
but also allows us to determine whether the scroll function is
used during each small screen task.

As we can see from Figures 1 and 3, scrollbars only
appear on the small screen. We measured the frequency of
scrollbar use, which may indicate the usability of small
screens, and investigated which links were selected after
using the scroll bar, which may indicate the reliability of the
search engine’s ranking.

Search Strategy

A user’s search strategy can be considered as an aggre-
gate of their search behaviors. The classification of Aula
et al. (2005) divides sessions into economic and exhaustive
patterns depending on whether users scan at most half of the
visible results without scrolling. This is not suitable for
small devices with few visible links, as on a small screen,
and instead we adopt the classification of Klöckner et al.
(2004). Klöckner et al. described depth-first, breadth-first,
and mixed patterns: In the depth-first pattern, users follow a
promising link immediately; in the breadth-first pattern
users study all options exhaustively before clicking; and
in the mixed pattern, users read ahead, but to a smaller
extent.

We used trackback (Kim, Thomas, Sankaranarayana, &
Gedeon, 2012) to further investigate user search strategies in
terms of how much a user reads before making a selection on
the search results pages. Kim et al. (2012) defined this mea-
surement to look into an aspect of the mixed strategy that
had a similar frequency on both sized screens. Because most
of our users exhibited a top-to-bottom scanning sequence (as
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in previous studies by Granka et al., 2004 and Joachims
et al., 2005), we measured the distance between the selected
link and the farthest link. For example, if a subject looked as
far as AOI 7 and then clicked AOI 3, we recorded a track-
back value of 4. In the rare cases of a user scanning from
bottom to top, the trackback value is considered to be zero.
This method has a little similarity to the maximum gaze
point method and some relation to the scanpath analysis
method. However, trackback is unique in that it summarizes
the amount of additional effort users make before selecting
a link.

Questionnaire Measures

Questionnaires are a useful supplement to interaction
data, as they can elicit users’ impressions and intentions
during the experiment. After the experiment, subjects were
asked several questions: gender, age, search convenience on
each screen, level of difficulty of the tasks, self-reported
search strategy on each screen, personal usage of Internet,
satisfaction with the provided search engine, and favorite
search engine. Some of this questionnaire data was com-
pared with the recorded data: for example, to compare users’
self-reported strategy to their actual performance.

Results and Discussion

Our data set consists of gaze data from 640 queries (320
queries on the large screen and 320 on the small screen, 160
informational and navigational queries on each sized
screen). The analyses are focused on search performance
(search speed and accuracy) and search behavior (mean
fixation duration, scanpaths, and search strategies up to the
first click). We consider two main effects, screen size and
task type, and the interaction between these main effects.
Using GenStat version 15 to analyze our data (VSN
International, 2012), we employed analysis of variance
(ANOVA) for continuous data such as times and durations
with log-transformation if necessary, generalized linear
models (GLMs) (McCullagh & Nelder, 1989) with binomial
distribution and logit link function for binary data, and
GLMs with Poisson distribution and logarithm link function
for count data. We discuss the meaning of search speed and
behavior, and also examine the relationships between search
speed and some search behaviors to investigate the differ-
ences due to screen size.

Search Performance

The search performance results were analyzed in terms of
search speed and search accuracy. The main result for search
speed suggests that there is no significant screen size effect
on the time taken until the first click on the results pages,
although the supplementary results (task completion dura-
tions) for each screen are significantly different due to
reading web documents after search results pages. In addi-
tion, the search accuracy results also show no difference
across the screen sizes.

Search speed. The time elapsed until first clicks and task
completion duration are shown in Table 3. One of the
assumptions for ANOVA is normality. Because the data for
time elapsed to first click and task completion duration do
not meet the normality assumption, we used a log-
transformation, log(x + 1), so that 0 maps to 0. We then
employed ANOVA to investigate the main effects of screen
size and task type, and the interaction between these
effects. There is a significant task type effect
(F(1,605) = 26.10, p < 0.001) on the time taken until first
click on the search results pages. Similar to the findings of
Jones et al. (2003) on the effect of screen size and Lorigo
et al. (2006) on the effect of task type, the task completion
duration results show significant effects due to screen size
(F(1,605) = 24.87, p < 0.001), and task type (F(1,605) = 97.81,
p < 0.001), as well as an interaction effect (F(1,605) = 8.10,
p < 0.01). Both measurements of search speed suggest
that subjects spent more time on informational tasks.
In terms of screen size, the results indicate that users
needed a longer time to complete tasks on the small
screen, whereas there was no significant difference in
time taken to make the first decision. The interaction of
screen size and task type on task completion duration
implies that users had more difficulty completing informa-
tional tasks on the small screen, because the difference by
screen size was over 15 s (42.63 vs. 61.33 s), whereas
there was little difference between completion duration for
navigational tasks. We also calculated the number of page
visits, finding no significant effect with respect to screen
size but a noticeable effect depending on task type (see
Table 3). The relation between task completion duration
and page visits indicates that users tended to take extra
time studying web documents for informational tasks
on the small screen, because the page visit count is not
significantly different on this screen size. This may be
caused by less visible content, making it difficult to find
particular information on the small screen, whereas sub-
jects only needed to reach the correct pages for naviga-
tional tasks.

Search accuracy. For the accuracy data, we used a GLM
with binomial distribution. The results show that there is
only a significant effect with respect to task type
(χ2 = 17.81, df = 1, p < 0.001). Similar to the findings of
Cutrell and Guan (2007) on the effect of task type for
search accuracy, the results in Table 3 show that users
attained higher search accuracy for navigational tasks. This
is because it was relatively difficult to reach the right
answer for the informational tasks with the contents on the
search results pages, whereas it was much easier to find the
correct results for the navigational tasks from URLs or
titles on either size of screen.

Subjects took a similar time until their first click and
exhibited similar accuracy on both screen sizes despite
fewer results being displayed on the small screen.
However, the time spent on web documents differs signifi-
cantly according to task type and screen size.
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Search Behavior

In terms of search performance, we could find no signifi-
cant difference across the screen sizes, except for the task
completion duration. In this subsection, we investigate dif-
ferences in users’ search behavior between the large and
small sizes, and discuss possible implications for their dif-
ferent search behaviors. Furthermore, we investigate the
effect on search speed of some of the differences in search
behavior. The finding suggests that subjects need to expend
more effort to extract information with fewer eye move-
ments on the small screen than on the large screen.

Fixation duration. Applying ANOVA to the total fixation
duration in AOIs on search results pages (not on web docu-
ments), Table 3 showed significant differences caused by
screen size (F(1,605) = 21.58, p < 0.001) and task type
(F(1,605) =17.81, p < 0.001). This task type effect indicates
that the mean fixation duration for the informational tasks
was longer than for the navigational tasks on the screen
sizes: 3.06 s and 2.95 s (per task) on the large screen and
4.01 s and 3.21 s (per task) on the small screen. If we
connect the effect of screen size to the search speed results,
we can see that users exhibited longer fixation durations per

task on the small screen. To investigate this difference in
detail, we calculated the mean fixation duration per link by
minimal scanpath, and then examined its relationship to the
search speed. The results are addressed in the subsection
below on scanpath.

As for the analysis of search speed, the fixation duration
data for each AOI do not meet the normality assumption.
Thus, we applied the log-transformation, before using
ANOVA. There is a significant effect due to screen size
(F(1,605) = 23.97, p < 0.001). Figure 4 describes the back-
transformed fixation duration with errors on each AOI. After
the first AOI, the fixation durations for each AOI decrease
sharply on both screens, similar to the findings of Joachims
et al. (2005) and Granka et al. (2004). However, the fixation
duration on the first AOI on the small screen (1.27 s) is
significantly longer than that on the large screen (0.90 s)
(standard error of the difference: SED = 0.00806, before the
back-transformation), whereas the durations on all of the
other AOIs have no significant differences. This indicates
that longer fixation durations on the small screen are due to
AOI 1. Although the durations on other AOIs are not sig-
nificantly different, Figure 4 suggests that users spent more
time looking at AOIs 1–3 on the small screen than on the
large screen. From AOI 4, the fixation durations seem

TABLE 3. Search performance and behavior.

Large Small

Screen size

p value

InteractionInfo Nav Info Nav Task type

Search performance
Search speed Time to first click, s 18.9 15.9 20.65 16.41 p = 0.342 *** p = 0.959

Task completion duration, s 42.63 29.85 61.33 30.64 *** *** *
Search accuracy Correct click rate, % 69.38 78.75 62.50 82.50 p = 0.655 *** p = 0.138
Page visits Counts (including SRPs) 2.84 2.49 2.84 2.29 p = 0.420 *** p = 0.406
Search behavior
Fixation duration on SRP Per task, s 3.06 2.60 4.01 3.21 *** *** p = 0.138

Per link, s 0.91 0.86 1.27 1.12 *** * p = 0.291
Clicks On link 1–3 (%) 83.13 90.63 88.13 91.25 p = 0.762 *** p = 0.509
Scanpath Minimal scanpath 3.46 3.11 3.13 2.92 p = 0.061 p = 0.050 p = 0.068

Compressed sequence 5.22 4.82 4.78 4.64 p = 0.073 p = 0.123 p = 0.481
Compressed −Minimal 1.76 1.70 1.65 1.72 p = 0.629 p = 0.952 p = 0.545

Scanning direction Complete rate (%) 87.50 91.87 96.88 98.12 *** p = 0.140 p = 0.958
Linear rate (%) 43.75 41.25 73.75 54.38 *** ** *
Linear or/ID rate, % 56.25 63.75 90.00 85.63 *** p = 0.635 p = 0.079
Strictly linear rate, % 13.13 14.38 33.75 15.63 *** ** **
Strictly linear or/ID, % 25.63 35.00 49.36 45.00 *** p = 0.510 p = 0.061

Skip and regression Skip (%) 33.13 23.75 13.75 13.75 *** p = 0.139 p = 0.258
Skip after 1 or 2, % 66.04 65.79 59.09 68.18 p = 0.793 p = 0.730 p = 0.600
Skip distance 2.36 1.58 1.14 1.18 *** * p = 0.064
Regression, % 70.63 60.63 48.13 50.00 *** p = 0.272 p = 0.094
Regression to 1 or 2, % 89.38 89.69 89.61 90.00 p = 0.929 p = 0.914 p = 0.989
Regression distance 2.29 1.89 1.36 1.33 *** p = 0.075 p = 0.324

Change of scan direction ScanDown 0.79 0.66 0.59 0.65 * p = 0.563 p = 0.606
ScanUp 0.61 0.50 0.29 0.41 *** p = 0.953 p = 0.153

Maximum gaze position Rank 4.28 3.59 3.28 3.06 *** ** p = 0.195
Trackback Count 2.08 1.91 1.16 1.43 *** p = 0.579 *
Scan within link 3 In mixed strategy, % 41.38 56.70 69.05 70.53 *** p = 0.073 p = 0.264

Note. Nav denotes navigational task, Info denotes informational task, and SRP denotes search results page.
*Significant at 0.05 level. **Significant at 0.01 level. ***Significant at 0.001 level.
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similar for each AOI on both screens. Because users knew
that the search results were from the same search engine, we
cannot say that this was caused by different degrees of bias
across screen sizes. Instead, this may be interpreted as an
effect of the scroll function on the small screen, as suggested
by Granka et al. (2004), although the decrease in fixation
duration on the large screen seems to be correlated with rank
order, as there is no scroll function on these screens.

Click pattern. Using a GLM with binomial distribution, a
significant difference can be observed in the click pattern
between task types (χ2 = 14.14, df = 1, p < 0.001), but there
is no significant effect due to screen size. The click patterns
in Table 3 indicate that the top three links were strongly
selected on both screens and both task types (lowest:
83.1%). Although most of the relevant links were located in
the top three, this is a very high proportion, even allowing
for most of the fixation durations relating to these links.
According to the fixation duration results, the fixation dura-
tion on the first AOI was different for each screen. However,
this does not lead to more clicks on link 1 on the small
screen (about 57% on both screens). This can be interpreted
as meaning that users are strongly biased toward the rank
orders provided by Google, as found in previous work (Guan
& Cutrell, 2007; Joachims et al., 2005). The proportion of
subjects choosing ranks 1–3 for navigational tasks was
higher than that for informational tasks on both screen types.
This is because most navigational tasks have relevant links
in AOI 1, whereas the possible relevant links for informa-
tional tasks were generally located in AOIs 1–3.

Scanpath. We extracted the lengths of the minimal scan-
path and compressed sequence for each task. Based on a
GLM with Poisson distribution, neither screen size nor task
type had a significant effect on the minimal scanpath or
compressed sequence. This is consistent with findings by
Lorigo et al. (2006). Table 3 shows that the minimal scan-
path and compressed sequence lengths are slightly higher on
the large screen and for informational tasks. However, the

differences induced by the above behaviors are not statisti-
cally significant.

We next considered the difference between the com-
pressed sequence length and the minimal scanpath length,
which represents how many times users visit the same links.
We found that there was no significant difference with
respect to task type or screen size (GLM with Poisson dis-
tribution): The mean lengths are between 1.65 and 1.76. This
indicates that users not only visited a similar number of links
on both screen sizes and task types, but also revisited the
same links to obtain information.

The most important finding from our study of scanning
sequences is the fixation duration per link, as defined in the
earlier in the subsection, Fixation duration. Based on
ANOVA, there are significant effects due to screen size
(F(1,605) = 64.14, p < 0.001) and task type (F(1,605) = 6.04,
p < 0.05). When we calculated the mean fixation duration per
link, we found that users needed more time to acquire infor-
mation on each link when using the small screen (see
Table 3). This value can be measured by dividing the mean
fixation duration per task by the minimal scanpath length of
the task. The fixation duration per link suggests that users had
more difficulty obtaining information from the result links on
the small screen (Just & Carpenter, 1976; Rayner, 1998).

To further analyze these findings, we investigated the
relationship between fixation duration per link and search
speed. As the time taken until the first click is not significant,
but the fixation duration per link is significantly different on
the different screen sizes, this analysis identifies how this
difference relates to changes in search speed. Figure 5 illus-
trates that the relationship is clearly positive, and the slopes
are similar on both screens. However, although the fixation
duration per link increases with the time taken to the first click
on both screens, it is significantly higher (about 0.16 s) for the
small screen. This suggests that, no matter how much time
subjects took to make their first click on the search results
page, they normally had more difficulty extracting informa-
tion on the small screen.

Scanning direction. We also examined users’ scanning
direction in terms of the patterns to investigate differences in
how users scan links on the two screens: the complete (if the
user fixated all of the links beyond a selection), linear (if the
minimal path is monotonically increasing), and strictly
linear (if the compressed sequence is monotonically increas-
ing with no skips or regressions). We adopted a GLM with
binomial distribution for the scanning direction data. The
complete pattern exhibited a significant difference according
to screen size (χ2 = 17.41, df = 1, p < 0.001). Table 3 shows
that users tended to scan all links above their selection on
both screens (the lowest rate is 81.8%), although there was
significantly less complete scanning on the large screen.
Because the complete pattern is strongly related to skipping
(jumping over one link), this means small screen users either
rarely skipped or more frequently jumped back to the
skipped link before making a selection. The skip behavior is
treated in the next subsection.

FIG. 4. Mean fixation duration on each AOI (s/user/task). [Color
figure can be viewed in the online issue, which is available at
wileyonlinelibrary.com.]
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We measured two kinds of linear and strictly linear pat-
terns. As addressed in the Measurements section, we defined
linear or/ID to include the case where a user looks at and
clicks only one link, because many subjects exhibited this
pattern. Strictly linear or/ID was determined analogously.
There were significant effects due to screen size (χ2 = 30.13,
df = 1, p < 0.001), task type (χ2 = 8.09, df = 1, p < 0.01), and
the interaction of these factors (χ2 = 5.28, df = 1, p < 0.05)
on the linear pattern, whereas only screen size (χ2 = 66.83,
df = 1, p < 0.001) had an effect on the linear or/ID pattern.
This suggests that users exhibit a stronger tendency to scan
links from top to bottom on the small screen and for infor-
mational tasks. The interaction effect can be explained by
the relatively minor difference between task types on the
large screen compared to that on the small screen. By com-
paring this with the results for linear or/ID, the effects of
task type and interaction disappear. This is because the
increase in the proportion of navigational tasks on both
screens that display a linear or/ID pattern as opposed to a
linear pattern is higher than that for informational tasks. This
indicates that, for navigational tasks, selections on both
screen types were more frequently made after looking at
only one result.

Analogously, the result for strictly linear and strictly
linear or/ID patterns shows the same effect for screen size
(strictly linear: χ2 = 12.47, df = 1, p < 0.001 and strictly
linear or/ID: χ2 = 19.32, df = 1, p < 0.001), task type
(strictly linear: χ2 = 7.53, df = 1, p < 0.01), and interaction
(strictly linear: χ2 = 6.97, df = 1, p < 0.01). The data for
both strictly linear patterns provide evidence that the small
screen leads users to scan from top to bottom without any
skipping or regression. The tendency for immediate selec-
tion after looking at only one link is much stronger for
navigational tasks, as for the linear or/ID pattern. This may
be because it is more difficult to skip or regress on the small
screen due to the need to scroll.

Skip and regression. As mentioned earlier, skipping is a
significant factor in determining the proportion of complete
patterns and representing how carefully users scan search
results. To analyze the skip and regression data, we used a
GLM with binomial distribution (except for skip and regres-
sion distances, for which we used a linear model). Table 3
shows that there were significant differences in skip rate
between both screens (χ2 = 21.09, df = 1, p < 0.001). The
skip rate on the small screen is about half of that on the large

FIG. 5. Relationship between search speed (elapsed time to first click) (s) and fixation duration per link (s): The numbers on the x- and y-axes are
log-transformed. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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screen. Although the rate for the navigational tasks on the
large screen is about 10% lower than that for informational
tasks, this is not statistically significant. On both screens,
users normally skipped after looking at the top ranks (SAT,
about 60%) regardless of screen size or task type. In terms of
skip distance, there were significant effects with respect to
screen size (χ2 = 15.84, df = 1, p < 0.001) and task type
(χ2 = 5.92, df = 1, p < 0.05). Although the interaction effect
is not significant (χ2 = 3.50, df = 1, p = 0.064), the main
difference in mean skip distance was for informational tasks
on the large screen: This is more than twice the value for
informational tasks on the small screen, despite there being
little difference between screen types for navigational tasks.
There was a significant difference in regression rate accord-
ing to screen size (χ2 = 19.00, df = 1, p < 0.001). Similar to
the results for skip rate, the rate of regression on the large
screen was also higher than that on the small screen. The
RTT proportions on both screens show that users clearly
displayed a strong pattern of returning to the top ranks after
their first regression. (the lowest rate is 89.38%). The regres-
sion distance was only affected by screen size (χ2 = 30.09,
df = 1, p < 0.001). Users exhibited a longer regression dis-
tance on the large screen for both task types.

From our results regarding skips and regression, it is clear
that subjects skipped and regressed less frequently, and a
smaller distance, on the small screen. This seems to be due
to the relative difficulty in skipping and getting several links
back using the scroll function, or less display of items. These
findings indicate that users exhibited a narrower scanning
pattern over all search results on the small screen, although
the minimal scanpath results indicate that the number of
links examined was similar on both screens. Furthermore,
compared with the results of Lorigo et al. (2006), we found
a lower skip rate and a high proportion of SAT and RTT,
meaning that users normally followed the rank order pre-
sented by the Google mobile search engine. This may also
imply that the current search engine provides a better rank
order than in the past.

Change of scan direction: ScanUp and ScanDown. As a
supplement to skips and regression, ScanUp and ScanDown
show how often users changed scanning direction, possibly
representing hesitation during tasks. Based on a GLM with
Poisson distribution, only the screen size had a significant
effect on ScanUp (χ2 = 23.01, df = 1, p < 0.001) and Scan-
Down (χ2 = 5.83, df = 1, p < 0.05). Users showed low
ScanUp and ScanDown counts on both screens: All mean
values are less than 1. This implies that subjects did not
generally scan over two links in the same direction, or they
looked at and selected only one link. However, both the
ScanUp and ScanDown behaviors were less pronounced on
the small screen. In addition, although there is no significant
interaction effect for either behavior, the effects of screen
size seem to come from the difference between informa-
tional tasks on both screens (ScanDown: 0.79 vs. 0.59 and
ScanUp: 0.61 vs. 0.29), because the difference between
navigational tasks was small. Overall, this result indicates

that participants changed the scan direction less in finding
relevant links on the small screen, even if they looked at a
similar number of links.

Maximum gaze position and scroll. The maximum gaze
position (MGP) is useful for investigating how far from the
top rank users look, and is also a prime determinant in using
the scroll function on the small screen. For MGP data, we
used a GLM with Poisson distribution. There are significant
differences according to screen size (χ2 = 26.46, df = 1,
p < 0.001) and task type (χ2 = 9.26, df = 1, p < 0.01). The
MGPs in Table 3 show that users tended to look at lower
ranked results on the large screen. This can be explained by
the relation to the other results in this study for the scanpath
and the skip and regression rates: Because users visit/revisit
similar numbers of links, the great frequency and distance of
skipping and regression on the large screen means that users
looked farther down the results page. The MGPs for infor-
mational tasks were higher than for navigational tasks on
both screens.

In addition, we can determine whether the scroll function
was employed on the small screen, as the MGP will be
greater than 3. The results indicate that users rarely scrolled
to look down past link 3 on the small screen (MGPs of 3.28
for informational and 3.06 for navigational tasks). Table 4
describes how often users scrolled, and their click decision
when using the scroll function. Only 25% of users required
the scroll function, and a GLM with binomial distribution
shows no significant effects by task type (χ2 = 0.27, df = 1,
p = 0.606). In about 59% of the tasks, users clicked a link in
the top three after scrolling to look at lower ranked results.
This tendency contributes to the 88% of clicks on links 1–3
recorded over both task types. In addition, this result implies
that users have a strong bias toward the rank order on a small
screen, despite the need to scroll to return to the top links.

Search Strategy

We examined scanning strategies using the classification
of Klöckner et al. (2004) for the initial pages of search
results. The depth-first strategy (users follow a promising
link immediately), the breadth-first strategy (users inspect
all links exhaustively before clicking), and the mixed strat-
egy (users read ahead, but to a smaller extent) are useful
abstractions of users’ decision patterns, as discussed in the
Measurements section. We adopted this distinction when

TABLE 4. Scroll rate, and click pattern after a scroll on the small screen.

Info Nav Total

Scroll count 42 38 80
Scroll rate, % 26.3 23.8 25.0
Click links 1–3 23 24 47
Click links 1–3 rate, % 54.8 63.2 58.8

Note. Nav denotes navigational task and Info denotes informational task.
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analyzing our data. Table 5 shows the total count and pro-
portion of participants’ scanning behaviors, differentiated
by the three kinds of strategy recognized by this approach.
The table shows that subjects tended to use the depth-first
strategy slightly less on the large screen than on the small
screen (36% vs. 41%). In contrast, on the large screen, the
breadth-first strategy was used twice as often as on the small
screen. However, the distribution of strategies is not signifi-
cantly different across screen sizes (χ2 = 4.31, df = 2,
p = 0.116). The proportion of times the mixed strategy was
employed is almost the same on both screen sizes. We
believe that the reason we found no significant difference
between search strategies on different screen sizes may be
hidden in the use of the mixed strategy. This is because the
mixed strategy has too broad a definition, whereas the other
two strategies are clearly defined. For example, if a user
looks at links 1–3 before clicking link 1, and another scans
all the way to rank 9 before clicking link 1, both are con-
sidered to be employing the mixed strategy.

To examine the detailed behavior of the mixed strategy,
we adopted two metrics: trackback and how often users
scanned within the top three links. First, we define “track-
back” as the difference in ranks between the selected link
and the farthest link observed. This allows us to scrutinize
differences within the mixed strategy; the higher the track-
back, the greater the extent to which links are observed.
Although we investigated several search behaviors, track-
back is unique in that it summarizes the amount of additional
effort users make before selecting a link.

Using a GLM with Poisson distribution, we found a
highly significant effect on trackback due to screen size
(χ2 = 48.06, df = 1, p < 0.001) and interaction (χ2 = 5.44,
df = 1, p < 0.05) across all users. Trackback values were
higher across both task types on the large screen. In particu-
lar, the trackback value for informational tasks is almost
double that on the small screen.

To examine the change in trackback value from large to
small screens, we calculated the difference in each partici-
pant’s trackback value. The difference for each user is the
sum of their trackback values on the large screen minus that
on the small screen. Figure 6 illustrates the difference for
each participant. Points above the x-axis represent a higher
trackback value (more looking ahead) on the large screen
and points below the x-axis represent higher trackback on

the small screen. Twenty-one users have higher trackback on
the large screen whereas only 11 have higher trackback
on the small screen. Clearly, the trackback value is normally
higher on the large screen.

To analyze the relation between trackback and search
speed, we investigated the difference in time spent examin-
ing the search results and the trackback value on both
screens. Figure 7 shows that there is a positive relationship
for both screens. When the trackback value is zero, there is
a little difference in the time taken until the first click.
However, as the trackback value increases, the difference
becomes significantly larger. This result suggests that the
trackback value on the small screen affects the time spent
more than on the large screen. An explanation for this is that
users need more time to return to the top ranks using the
scroll function on the small screen, whereas they could reach
the first selections using only eye movement with the large
screen. In other words, this is one of the reasons why there
was no significant difference in time spent selecting links,
although trackback values were lower on the small screen.

Next, because users need to scroll to look below link 3 on
the small screen, we analyzed how often they scan beyond
the top three links when using the mixed strategy. Based on
a GLM with binomial distribution, there was a significant
effect due to screen size (χ2 = 14.88, df = 1, p < 0.001).
Among 179 tasks in the mixed strategy was used on the
small screen (see Table 5), 70% of them exhibited users’
scanning only within the top three links, whereas the equiva-
lent proportion on the large screen is some 20% lower. This
means users on the small screen were more likely to exhibit
a mixed scanning strategy than on the large screen when
they only looked at links 1–3 without using the scroll func-
tion (e.g., users look through links 1–3 and then click link 1
or 2). In other words, users scanned fewer links on the small
screen, despite the same proportion following the mixed
strategy.

TABLE 5. Choice of scanning strategy on both screen sizes and user
self-assessments.

Large Small

DEP MIX BRD DEP MIX BRD

Total 116 184 20 131 179 10
% 36 58 6 41 56 3
User self-assessments 53 47 0 69 31 0

Note. DEP denotes depth-first, MIX denotes mixed, and BRD denotes
breadth-first strategy.
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FIG. 6. Distribution of difference in trackback between both sizes of
screen. Points above the x-axis represent higher trackback on the large
screen. [Color figure can be viewed in the online issue, which is available
at wileyonlinelibrary.com.]
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Questionnaire

In the postexperiment questionnaire, subjects were asked
several questions. All participants responded that searching
on the large screen was more convenient, and about 72% of
them thought the answers to each task were easy to obtain.
They all considered themselves frequent and expert web
searchers. In addition, their favorite search engine is Google.
The main analysis of the questionnaire comes from compar-
ing user self-assessments with the actual search strategy we
observed. After the experiments, we asked subjects about
their self-assessed strategy for each sized screen. The results
are significantly different. None of the participants replied
that they tried to scan all links of the search results as the
breadth-first strategy on either screen, whereas the results
show users in 6% of tasks used this strategy on the large
screen and in 3% of tasks used it on the small screen (see
Table 5). On the large screen, 53% of subjects reported that
they had scanned the links to find only one relevant answer,
and 69% reported this on the small screen. However, the
actual data suggest about 17% fewer followed this strategy
on the large screen and 25% fewer employed this approach
on the small screen. Instead of the depth-first strategy, the
mixed strategy was more often applied on both sized
screens. This is because users generally intended to look for

the answer quickly, but hesitated a little when they were not
sure of the correct answer.

A more detailed analysis of the user self-assessments on
each screen (see Appendix B1) shows that the largest pro-
portion claimed to apply a depth-first strategy (43.75%) on
both screen sizes, followed by “MIX to DEP” (25%), “MIX
to MIX” (21.88%), and “DEP to MIX” (9.38%) on the large
and small screens, respectively (“MIX to DEP” indicates
that the user claimed a mixed strategy on the large screen
and a depth-first strategy on the small screen).

We believed there would be some interesting insights
when we divided the user self-assessments along task types,
screen sizes, and actual strategy. However, because of small
sample numbers as a result of distributing 32 users over 12
categories, the data do not seem to provide any detailed
implicit meaning. We need to collect more data for the
analysis.

General Discussion

We have discussed each result for search performance,
behavior, and strategy, and discussed the meaning of both
the explicit and implicit results. In this subsection, we sum-
marize the discussions.

FIG. 7. Relationship between search speed (elapsed time to first click) (s) and trackback values: The numbers on the y-axis are log-transformed. [Color
figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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On the small screen, there were significant differences
in some search behaviors, which we must consider. First,
we found that it took considerably more effort for partici-
pants to gain information from each link to search results
on the small screen. The relationship between the time
taken to first click and the effort to extract information per
link also supports this assertion. Second, from eye move-
ment, we observed that users on the small screen scanned
the search results narrowly with fewer skips and regres-
sions as well as less frequent changes in scan direction,
and exhibited a stronger tendency for reading from top to
bottom. Users scanned deeper down with more skips and
regressions on the large screen, despite looking at a similar
number of links on both screens. In addition to the aggre-
gate summary of search behavior, the search strategy also
indicates that subjects observed the links broadly on the
search results pages on the large screen. Although the dif-
ference in the proportion of search strategies on each
screen was not statistically significant, subjects looked
over more links before making their selection, as well as
scanning below the top three links more often, on the
larger screen.

However, we found several similar results in terms of
search performance and behavior on both screens, as well as
for both task types. First, in terms of search performance,
although different amounts of time were spent viewing web
documents after the first selection on the results page, no
significant difference in time taken until the first click on the
search results pages was observed, and users exhibited
similar success rates in finding correct answers, despite the
poor display for search results on the small screen. Subjects
exhibited no difference in several search behaviors across
both screens. The number of visited/revisited links was
almost the same on both screens. Moreover, the patterns of
regression to top links showed a strong bias toward the rank
order provided by the search engine as it was similar to the
click pattern.

Finally, small-screen users do need to concentrate more
on the search results to extract information, despite dis-
playing fewer eye movements. However, except for web
documents after search results pages in informational
tasks, they do not require more time to search. They also
have a similar success rate of finding a correct answer.
These results suggest that we need to consider these dif-
ferences in search behavior and strategy for the presenta-
tion design for the search results pages, and web
documents need to be adjusted to give better task comple-
tion duration, especially for informational searches, for
small devices.

Limitations, Conclusions, and Future Work

In this section, we address the limitations of our experi-
ment, and suggest some ideas for designing the presentation
of search results pages. We also describe plans for future
work to establish a possible presentation model for search
engines for small devices.

Limitations

It is important to acknowledge that our results have
several limitations. First, our results cannot cover all
search performance and search behaviors, because we
obtained our data from a particular user group and used a
particular search engine. Another limitation is that the
search environment was not perfectly natural during the
experiment. Although it was designed to record eye move-
ment in detail, users needed to put their chin on a chin rest,
and they could not retype a query with different keywords.
Lastly, our results will not be exactly the same as users’
search behavior on actual mobile devices, because we
focused only on the influence of screen size, without con-
sidering other factors such as mobility or a touch screen.
We note that the results in user performance and behavior
in web searches on actual handheld devices might be dif-
ferent if subjects used a finger for scrolling instead of a
mouse or if data are recorded while the subjects are
moving. We expect that the search speed will decrease and
that it will be difficult to record the fixations due to the
disturbance caused by the finger.

Conclusions and Future Work

In this article, we investigated the effects of screen size
and task type on search performance and behavior using
an eye-tracking method. In addition, we examined the rela-
tionships between search speed and some major search
behaviors.

Our results suggest that although the time spent on web
documents with a small versus a large screen is signifi-
cantly different, users take a similar time taken to the first
click on either screen. On the small screen, they have more
difficulty extracting information from search results,
despite their eye movement being narrower, which is a
product of the scroll function on the small screen. With the
limitation of less visible content on handheld devices, it
does not seem that we can improve users’ ability to extract
information from search results pages. However, we believe
that users may enjoy better search speed while maintaining
their search accuracy if a presentation design could con-
sider both the narrower eye movement and scroll function
on the small screen.

As a consequence, bearing in mind the limitations of our
study, we propose several ideas that possibly will be helpful
for improving the search results page on small devices. First,
many web providers have begun to support displaying
mobile-optimized or RWD (responsive web design) web
documents, and such pages are suited for the screens of
small devices. Therefore, providing a small mark indicating
that an item on a search results page links to a mobile-
optimized page instead of a full-size page for desktops
would contribute to reducing the user time cost in web
documents, especially for informational tasks, as suggested
by Jones et al. (2003).

Second, because screens in mobile devices do not present
as many search results as desktop devices, and show lower
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search accuracy for informational tasks, we expect that sim-
plifying the search results with rich content by manipulating
elements such as the title or snippets may reduce the time
taken to first click, as well as the task completion duration.
Cutrell and Guan (2007) suggested that a longer snippet
length leads to a shorter task completion time as well as
better search accuracy for informational tasks, whereas the
opposite result was observed for navigational tasks. In addi-
tion, our users exhibited a strong bias in relation to the rank
order, and the relevant links for navigational tasks were
almost located at rank 1. Therefore, one possible presenta-
tion design is to reduce the snippets to display only one row
for navigational tasks, and, if necessary, allow users to
extend the snippets via an extension button for informational
tasks, instead of having many links on the first page of the
search results.

Third, for less scrolling, as suggested by Jones et al.
(1999), embedding buttons on the search interface for Page
Up and Page Down may be useful, especially for informa-
tional tasks, to help faster and wider eye movement beyond
the page break without the scroll function. Therefore, our
future work will test these ideas to find the optimized pre-
sentation model for search results pages, in order to achieve
better efficiency on mobile devices.
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Appendix A

Table A1 lists the 20 tasks given to the participants. They were derived from those of Dumais et al. (2010), edited for our
location.

TABLE A1. Full task descriptions and queries.

Task description Initial task query Task type

Find the webpage where you can apply for a personal checking account on the ANZ Bank website. ANZ bank new account Nav
Find the mortgage calculator on the Commonwealth Bank website where you can calculate mortgage rates

for financing a new home.
mortgage rates calculator

commonwealth bank
Nav

Go to the homepage of the Canberra Cavalry baseball team. Canberra cavalry baseball Nav
A friend of yours would like to buy some new golf clubs. Go to the official Drummond homepage. buy clubs at drummond Nav
Go to the official product overview page for Sony camcorders (i.e., on the Sony website). sony camcorder Nav
You bought a laptop from Dell and something doesn’t work as expected. Find the page for Dell technical

support.
dell laptop technical support Nav

You are interested in shoes from Nike. Go to NikeStore on the official Nike homepage. nike shoes australia Nav
A friend is sick and shows a couple of different symptoms. It’s nothing serious but you want to help find out

what it is. Find the symptom checker webpage of WebMD.
symptom checker web md Nav

Find the official homepage of the Canberra casino and hotel in Canberra. Canberra Casino Nav
Find the official Porsche website that shows Model 911 overview for Australia. porsche australia Nav
Find a contact number of a rental agency where you can rent a stretch limousine version of a Hummer in

Australia.
rent a stretch limo hummer Info

What is the address of the Commonwealth Bank’s headquarters (city and street)? commonwealth bank
headquarters

Info

What is the standard length of a cue used for playing billiards? billiard cue size Info
In what year was the Australian University established? Australian national

university history
Info

How much optical zoom does the compact digital camera Sony Cyber-Shot W530 have? None; 3x; 4x;
100x; ..?

sony cyber shot W530 Info

The new iPad 2 is out just a few months ago. In what colours can you get it (the colour of itself—not the
colour of additional cases for it)?

buy ipad 2 colors Info

How many guest rooms does the Novotel in Canberra have? Canberra Novotel rooms Info
The Sydney Light Rail Pass is a ticket that lets you visit many of Sydney’s sights without having to buy

separate tickets each time. How much does a weekly Pass cost?
Sydney light rail fare Info

How many spikes are in the crown of the Statue of Liberty? statue of liberty crown spikes Info
Find the address of an official Audi dealer near Canberra. audi dealers Canberra Info

Note. Nav denotes navigational task and Info denotes informational task.
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Appendix B

Table B1 lists a detailed analysis of the user self-assessments and actual strategies on each screen.

TABLE B1. Detailed results of comparing user self-assessments and actual data (%).

Changes of strategy Count Rate Strategy

Large (count/user) Small (count/user)

Info Nav Info Nav

DEP to DEP 14 43.75 DEP 31.4 37.1 47.1 34.3
MIX 62.7 58.6 48.6 61.4
BRD 5.7 4.3 4.3 4.3

DEP to MIX 3 9.38 DEP 53.3 53.3 46.7 46.7
MIX 46.7 40.0 43.3 53.3
BRD 0.0 6.7 0.0 0.0

MIX to DEP 8 25.00 DEP 35.0 25.0 42.5 37.5
MIX 55.0 70.0 57.5 57.5
BRD 10.0 5.0 0.0 5.0

MIX to MIX 7 21.88 DEP 48.6 31.4 40.0 40.0
MIX 40.0 62.9 51.4 57.1
BRD 11.4 5.7 8.6 2.9

Note. DEP denotes depth-first, MIX denotes mixed, BRD denotes breadth-first strategy, Nav denotes navigational task and Info denotes informational
task.
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