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ABSTRACT
Smart phones and tablets are rapidly becoming our main method of
accessing information and are frequently used to perform on-thego search tasks. Mobile devices are commonly used in situations
where attention must be divided, such as when walking down a
street. Research suggests that this increases cognitive load and,
therefore, may have an impact on performance. In this work we
conducted a laboratory experiment with both device types in which
we simulated everyday, common mobile situations that may cause
fragmented attention, impact search performance and affect user
perception.
Our results showed that the fragmented attention induced by
the simulated conditions significantly affected both participants’
objective and perceived search performance, as well as how hurried
they felt and how engaged they were in the tasks. Furthermore,
the type of device used also impacted how users felt about the
search tasks, how well they performed and the mount of time they
spent engaged in the tasks. These novel insights provide useful
information to inform the design of future interfaces for mobile
search and give us a greater understanding of how context and
device size affect search behaviour and user experience.

CCS CONCEPTS
•Information systems →Information retrieval; Users and interactive retrieval; •Human-centered computing →Empirical
studies in ubiquitous and mobile computing; User studies;

KEYWORDS
mobile search; fragmented attention; search experience; cognition;
user study; experimentation
ACM Reference format:
Morgan Harvey and Matthew Pointon. 2017. Searching on the Go: The
Effects of Fragmented Attention on Mobile Web Search Tasks. In Proceedings
of ACM SIGIR conference, Tokyo, Japan, August 2017 (SIGIR 2017), 10 pages.
DOI: 10.1145/nnnnnnn.nnnnnnn

1

INTRODUCTION

Recent years have seen rapid growth in the sale and use of various
mobile computing devices, giving people the ability to access the
Internet away from the confines of a desk, and in many different
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environmental contexts. Over two-thirds of Americans own a smart
phone and almost half own a, somewhat larger, tablet device. At the
same time, the sales of desktop and laptop computers have begun
to stagnate and even to fall [1]. Almost all smart phone owners
(97%) use their devices to access the Internet, many of whom search
for information, and to complete fairly complex retrieval tasks: 62%
have used them to look up information about a health condition;
57% to do a search for real estate and 40% to look up government
services [35].
People use mobile devices to search the web in a variety of
different contexts - on public transport, while walking from place
to place [17, 23, 32] or in social contexts, where the presence of
others can cause distraction [8]. Interaction with such devices is
achieved via touch screens upon which small “soft buttons” are
drawn for users to select items and input text. Although these
buttons may be easy to accurately press in an ideal environment, e.g.
when seated, such small and non-tactile targets can be significantly
more difficult to interact with in other situations [4]. While the
ability to perform such tasks “on the go” can be of real benefit,
hazards and other changes in the surroundings do necessitate the
user’s brain switching attention between the ambient environment
and the device [11].
These distractions can preoccupy users [30], reducing their effectiveness in interacting with the UI [4, 23] and may even affect
user perceptions of the environment and tasks [9]. The result is
a larger number of misspelled queries and an attempt by users to
shorten queries when searching [32, 33]. In fact, concentration on
a mobile task while walking even has an effect on how we walk; to
compensate the brain subtly (and subconsciously) alters stance and
gait [34]. As such, using a mobile device whilst walking requires
both cognitive and motor abilities and so users must divide their
attention between the two tasks [21], meaning either an increase in
cognitive load, a decrease in pace, a decrease in task performance
or a combination of these [22]. The level of difficulty experienced
may additionally be influenced by the device size and type and the
amount of encumbrance it itself causes [5, 12].
Despite the popularity of mobile devices, their ubiquity in everyday life and the ability they give us to engage in complex search
tasks, little is known about how using them on the go impacts
upon search behaviour and search performance and whether or not
device type and size is an important factor. With this in mind, we
investigate whether the small behaviour changes identified in the
literature for simple tasks (such as tapping on a highlighted button)
result in significant behavioural changes, different perceptions of
the task, and different task performance for relatively complex web
search problems on both smart phone and tablet devices. Does the
change in context impact on user behaviour, is this something that
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users themselves are aware of and does the type of device used
matter? To ensure repeatability, we conducted our study in a lab
using simulated contexts - walking on a treadmill, navigating an
obstacle course and sitting still at a desk.
Our main research questions, therefore, are:
• Do common mobile situations that cause fragmented attention have an impact on:
– RQ1 Users’ perceptions of the task and their own performance?
– RQ2 Objective measures of users’ task performance
and behaviour?
• RQ3 What impact does the device type have on user performance and perception thereof?
The remainder of the paper is structured as follows: In section 2
we consider related work on the topics of mobile device use, fragmented attention and user distraction; section 3 describes the user
studies we performed to investigate searching on the go; sections
4,5 and 6 describe the results of the user studies in detail; section 7
discusses how the results relate to the existing literature and suggests reasons and intuition behind them; and section 8 concludes
the paper with suggestions for potential future work.

2

RELATED WORK

Improvements in mobile technologies in recent years have led to
a dramatic change in how and when people access and use information, and has “a profound impact on how users address their
daily information needs” [7]. Research shows that as the power
of these devices - as well as the amount of screen space they afford - increases, the complexity of tasks people use them for also
increases, with mobile search sessions becoming longer and less
homogeneous [19]. Many people now use their smart devices in
different contexts to find information, keep up to date with news or
to alleviate boredom [35] and frequently use them whilst walking
or on public transport. This relatively novel situation of interacting
with a computing device when non-stationary can be distracting as
attention must be shared (or “fragmented”) between operating the
device and maintaining motility, typically necessitating a change
in posture, stance and gait [34].
A large body of work has investigated user contexts and how
fragmented attention affects user input on mobile devices. Early
work designed and evaluated forms of human computer interaction in fixed, non-fragmented contexts of use, in a single domain
such as a lab [16]. As mobile research evolved, studies began to
investigate situations in which attention is diverted from the interface. Oulasvirta et al. found that when following a pre-defined,
but otherwise uncontrolled, route through a city users experienced
significant impairment when compared with a “non-social laboratory condition” [30]. In a more controlled set of experiments,
Lin et al. [23] demonstrated that error rates of stylus input significantly increased as the amount of distraction, and thus degree
of attention fragmentation, increased. Similar effects were later
demonstrated for touch-based input, with error rates increasing in
line with walking speed [28].
Early investigations of reading comprehension and word search
when walking [3] showed that contextual variations can have large
effects on user behaviour, impairs performance and increases task
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workload. Mizobuchi et al. looked into mobile text entry and found
additional workload effects when walking and identified walking
speed as a secondary measure of mental workload [24]. They concluded that texting whilst walking results in either a reduction
in input speed (but not accuracy) or a reduction in walking pace.
Large-scale analysis of mobile search logs [18] has shown that the
increase in time required for mobile searches deters some types of
search behaviour, such as exploratory search, and causes search
sessions to be considerably shorter than in desktop search. These
lines of investigation concluded that times increased significantly
when walking compared to a sitting condition, search behaviour
altered whilst mobile and walking speed when texting reduces by
a fixed amount independent of the level of input difficulty, which
varied between participants. These types of investigative conditions
create situational impairments which fragment a users’ attention,
exerting a range of effects on performance and creating compelling
opportunities for research [20].
Interaction with such devices is commonly achieved via touch
screens upon which relatively small “soft buttons” are drawn for
users to select items and input text. The examination of soft buttons,
hardware buttons, and surface gestures under conditions of medium
and high distraction found that marking menus (i.e. directional
gestures) activated along a smartphone’s bevel provided the fastest
response time [4, 26]. While these buttons may be easy to accurately
press in an ideal environment, such as when seated, such small and
non-tactile targets may be much more difficult to interact with in
other distracting situations [4]. Other investigations assessed the
effects of walking on performance with soft buttons, attempting to
quantify the negative effects on use due to walking and exploring
design changes that may improve a user’s experience with a mobile
device [20].
Screen real-estate on a mobile device also creates interaction
difficulties as a user moves, combined with increasing complexity
of mobile task, resulting in considerable obstacles [5, 6, 13]. The
limited input modalities afforded by mobile devices have a negative effect on usability [13], a problem compounded by screen
size and the device’s reduced ability to present information and
navigational cues [5, 6]. Small screens can easily become cluttered
with information and widgets (buttons, menus, windows, etc.) and
this presents a difficult challenge for interface designers [5]. Use of
larger devices, such as tablets, which have correspondingly larger
screens, may mitigate some of these issues and result in notably
different modalities of use [25].
Research shows that smart phones and tablets are often used
for different tasks [25, 31] and an analysis of query logs [36] suggests that querying behaviour differs between tablet and smart
phone users. Furthermore, there may be a negative correlation
between screen size and perceived task difficulty and experienced
workload [12], although it has not been investigated when comparing smart phones and tablets and it is unknown what effect
situational context has, if any. In general, little is known about
the impact differences between the devices has on user behaviour,
perceptions and performance on retrieval tasks and under varying
mobile conditions.
Delays and time pressures, which may be induced by increased
levels of distraction and input error rate, also have a significant
impact on search behaviour and objective performance. A study by
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Crescenzi et al. [10] compared two groups of users on a number of
search tasks: one group was given a per–task time limit of 5 minutes, while the other was given no limit. The results showed that
users faced with time pressures experience increased (perceived)
task difficulty and less satisfaction with their performance and felt
an increased need to work fast and engage in more metacognitive
monitoring. Earlier work [9] by the same authors showed that
time pressure leads to more queries being issued, fewer documents
being viewed and less focus on examination of documents and
SERPs. Recent work [15] has demonstrated that users perceive a
similar increase in search task difficulty and reduction in satisfaction of their own performance when put under more distracting
experimental conditions. These effects are likely as a result of the
increased cost of complex cognitive tasks under such conditions,
leading to a modification in behaviour as explained by the search
models and studies of Azzopardi et al. [2].
Indeed, distractions during walking, driving, and other realworld interactions can preoccupy users [30], reducing their effectiveness in interacting with the UI [4, 23] and resulting in a larger
number of misspelled queries and an attempt by users to shorten
queries [32, 33]. Walking whilst using a mobile device requires
both cognitive and motor abilities and users must divide their attention between the two tasks [21]. This means either an increase
in cognitive load, a decrease in pace, a decrease in task performance or a combination of these [22]. There are many examples
of distracted input on smart phones where users must split their
attention between the task of navigating their physical environment and navigating information on the smart phone screen [26].
It could even be interpreted that users are performing tasks inside
a bubble, flipping back and forth between the information on the
screen and the outside world [17]. Given that today’s users are
more likely to be mobile when they search for information online,
a deeper understanding of their interactions and challenges whilst
mobile will help understand situational search behaviour and the
influences of these fragmentations on search.

3
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were randomly allocated to one of the three conditions, resulting
in 8 participants for each. Distraction level was a between-subjects
variable, while device type was within-subjects.
Following the procedure of Lin et al. [23], participants on the
treadmill were asked to select a comfortable walking pace using the
increase and decrease belt speed buttons, which was then increased
by 20% to induce a small amount of ambulatory distraction. The
resulting speeds ranged between 2.2 MPH (3.5 KPH) and 3.8 MPH
(6.1 KPH) with a mean of 2.9 MPH (4.7 KPH) and men choosing
to walk, on average, 0.78 MPH faster than women. The obstacle
course group was shown how to navigate a pre-defined layout (see
Figure 1), were asked to maintain a normal walking pace and were
prompted to speed up by the researchers if their pace began to
noticeably decrease during the task.

METHOD

We conducted a laboratory experiment with 24 participants drawn
from a large European University (a mixture of academic staff,
support staff and post-graduate students), of whom 13 were male.
Although participants were randomly assigned to one of the 3 conditions, there was a very equal spread of genders with no fewer than
3 of each gender assigned to all conditions (X2 =0.59, p-value=0.75).
Ages ranged from 18 to 60, with 2 modal age ranges of between
25 and 30 and between 31 and 40. Ages were also distributed between the experimental conditions with no significant differences
(X2 =5.13, p-value=0.74). 18 of the participants were native English
speakers and the rest were completely fluent in the language.
There were two independent variables: the type of device (tablet
or phone; a Huawei MediaPad M2 8” and Moto X Style respectively,
both running Android version 5 with the Google Chrome web
browser) and the level of distraction. The distraction level was
varied by simulating 2 everyday situations experienced by mobile
device users: walking quickly on a treadmill and navigating an
environment with obstacles, as well as a baseline condition in which
the participant was seated without any distractions. Participants

Figure 1: A plan view of the obstacle course layout. Participants began at the orange arrow and followed the course in
an anti-clockwise direction.
In order to ensure that we could control the search system and
record interaction data we developed a simple mobile search interface named zing, shown in Figure 2. The zing interface mimics a
standard search engine by showing the titles of 10 links in descending order of relevance together with snippets for each. The interface
allowed participants to enter search terms and indicate (via checkboxes) which documents they thought were relevant. It showed the
current task (TREC topic) at the bottom of the screen and allowed
participants to progress to the next topic at any time. The interface
also prompted users to fill in pre- and post-topic questionnaires
to survey their perceptions about the task and their self-assessed
post-task performance, satisfaction, perceived time pressure and
focus/involvement on the task. Half of the participants completed
their first 2 topics on a phone, moving on to the tablet for their final
2 topics, while the other half began with the tablet.
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Indexing, searching and snippet generation was provided by
Apache SOLR2 . Each participant was given the same 4 topics (tasks)
in a random order with a per-task time limit of 15 minutes and
alternated between the two device conditions by conducting the first
two tasks on one device before switching to the other for the final 2
topics. The starting device for each user was allocated at random to
prevent fatigue and/or learning effects from confusing the results.
Participants were asked to imagine they wanted to learn more about
the subject of each topic for a short report and were requested to
select between two and four documents they thought were relevant
for each topic and were told they could submit multiple queries per
topic, if necessary. Participant actions and behaviour were recorded
by means of a GoPro camera worn on the head, a wide-angle view
of the obstacle course and by recording and logging interactions
with the touchscreen and browser interface (Figure 3).

Figure 2: zing search interface on an Apple iPhone 5. Checkboxes used to indicate relevance.

#

Title

AP

Pre

Post

362

Human smuggling

0.29

2.83

2.75

367

Modern Piracy

0.26

2.79

2.25

638

Wrongful convictions

0.23

2.83

3

404

Ireland peace talks

0.28

3.25

2.79

Table 1: TREC topics used.

We used a standard test collection: AQUAINT, and removed
duplicate documents in a pre-processing step to provide a better
and more familiar user experience. To assess performance we made
use of pre-defined TREC topics from the 2005 Robust track [37],
of which we chose 4 at random from a subset of those which are
neither too difficult nor too easy1 . Table 1 shows the topics chosen
as well as the average precision (AP) of their titles on the AQUAINT
collection and the participants’ perceptions of each topic’s difficulty
before (pre) and after (post) completing it.
1 After

the method of Harvey et al. [14], whereby the difficulty of a topic is determined
by the average precision of its title over the document collection.

Figure 3: Example of data recorded via the cameras and
screen recording software. Note that information from all
3 sources is temporally synced.

4

RESULTS

In the following we use t-tests to compare distributions that are
normal (as well as results from Likert scales) and Wilcoxon signrank tests in cases of non-normal data (e.g. task duration and
number of hits).

4.1

Pre-study questionnaire

Before being told anything about the experiment, participants were
asked to fill in a short pre-study questionnaire asking them about
their use of mobile devices and search engines as well as how
difficult they would expect it to be to search on a phone or a tablet
in various contexts.
All but two participants use a mobile device several times a day
and all but three use a search engine to find information several
times per day and all participants but one said they were either
“confident” or“very confident” at using a search engine to find information. 19 use their mobile device at least once per day whilst
walking, 9 use it daily on public transport and all but 3 use it to
search the web on a daily basis. Participants expected that using
both devices whilst walking on a treadmill, navigating an obstacle
2 http://lucene.apache.org/solr/
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course or while sitting in a noisy pub or cafe would be significantly more difficult than when sitting still (see Figure 4). They
expected using a mobile phone to be significantly more difficult
when navigating an obstacle course compared with when walking
on a treadmill (t=2.95, p-value=0.005) and expected, for both devices, that searching in a noisy pub or cafe would be significantly
easier than in either of the other two conditions (all tests p-value
 0.01).

the participants’ familiarity of using mobile devices when walking or in noisy environments was not predictive of their expected
difficulty of searching under the same conditions.

Figure 4: Expected difficulty of searching on mobile phones
and tablets under various conditions.

Figure 5: Results of pre-task questionnaire.

As participant age increased, the expected difficulty of using
either a mobile phone or a tablet on a treadmill (R-squared=0.27, pvalue=0.005; R-squared= 0.17 p-value=0.028) and when navigating
an obstacle course (R-squared=0.34, p-value=0.01; R-squared=
0.29, p-value=0.004) increased, however this was not the case for
use when sitting still or in a noisy pub or cafe. The more confident people were at using search engines in general, the easier
they expected the task to be on the treadmill (R-squared=0.24, pvalue=0.015) and the obstacle course (R-squared=0.2, p-value: 0.03)
on both devices. However, this relationship only held for the tablet
when imagining sitting still (R-squared=0.28, p-value=0.008). There
was no significant relationship between search engine confidence
and expected difficulty in the noisy pub environment. Surprisingly,

4.2

Pre-task perception

Before each task (TREC topic), the zing interface prompted participants to fill in a short questionnaire about their prior knowledge of
the topic, their interest in it and how difficult they expected the task
to be (overall difficulty, difficulty in finding relevant documents,
and difficulty in knowing when to finish; see Figure 5). To aid them
in doing so, the topic title and description were presented at the
bottom of the screen. There was little variation in the responses
between the topics with most people stating that they had fairly
little prior knowledge and were moderately interested in the topics.
Responses did indicate an expectation that topic 404 (“Ireland peace
talks”) would be the most difficult, although the difference was not
significant. There were only two instances where a participant was
unsure of how to complete the task and in only 14% of cases was a
topic deemed to be either very difficult or very easy. As expected,
responses to all 3 questions on perceived task difficulty were all
significantly correlated with each other.

Condition

Sitting

Obstacles

Treadmill

Overall difficulty 2.21
3.06
3.36
Finding rel. docs. 2.43
2.59
3.03
When to finish
2.79
3.06
3.58
Table 2: Mean responses about task difficulty from pre-task
questionnaires by condition.

It seems that participants took experimental condition into account when estimating the difficulty of tasks as there were differences in the perceived difficulty of tasks, as shown in Table 2.
Those who knew they would be sitting still expected the tasks to
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be significantly easier than those who were navigating the obstacle course (t=3.95; p-value  0.01) and those who were on the
treadmill (t=5.08; p-value  0.01). Those who were sitting still and
those on the obstacle course thought finding relevant documents
would be equally easy (t=0.7, p-value=0.49), however those on the
treadmill expected this to be significantly more difficult (t=2.58,
p-value=0.012). The treadmill group thought that knowing when
to finish the task (i.e. ascertaining when they’d found enough information) would be significantly more difficult than the baseline
group (t=3.15, p-value=0.002). There were no significant differences
in perceived task clarity between any of the groups, although those
in the baseline group did claim to know more about the topics a
priori than those in the other groups (compared to treadmill: t=2.22,
p-value=0.031 ; compared to obstacle course: t=2.18, p-value=0.033).

4.3
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Figure 6: Perceived post-task difficulty by condition. • = sitting; N = obstacle course;  = treadmill
Condition

Post-task perception

#

Question

Q1

I felt hurried or rushed when completing this task

Q2

It was important to complete this task quickly

Q3

Overall, I thought this was a difficult task

Q4

I am satisfied with steps I took to find information

Q5

I forgot my immediate surroundings during the task

Q6

I was so involved that I ignored everything around me

Q7

I was so involved that I lost track of time

Q8

I was absorbed in my search task

Q9

I found enough info. about the search topic

Q10

I am satisfied with the info. I found
Table 3: Selected post-task questions.

Immediately after each task participants filled in a post-task
questionnaire, which included items from the focused attention
scale of O’Brien et al. [29] as well as items from Crescenzi et al. [10]
(see Table 3 for selected items). The questions were chosen to
ascertain the participants’ levels of perceived time pressure, selfassessed performance and involvement in the search task. There
were significant differences in terms of perceived difficulty between
the 4 topics with 2 topics scoring a median Q3 (“Overall, I thought
this was a difficult task”) agreement of 2, one at 3 and the most
difficult scoring 4. There were, however, no significant differences
between the 4 topics for the other questions. Interestingly, women
reported feeling significantly less absorbed in the task (Q8; t=2.96;
p-value=0.004) than men and felt less like they lost track of time
(Q7; t=1.99; p-value=0.049).
As shown in Table 4, the different experimental conditions had a
number of different effects on the participants’ perceptions. Those
on the treadmill felt significantly more rushed than in the other
two conditions (Q1) and those sitting still felt significantly less
pressure to complete the tasks quickly than the other 2 groups (Q2).

Sitting

Obstacles

Treadmill

Q1
2.25 †
2.53 †
3.28
Q2
2.14 ∗† 2.87 †
3.44
Q3
2.43 †
3.0
3.31
Q4
3.86 †
3.47
3.03
Q5
3.64 ∗
3.16 †
3.42 ∗
Q6
3.53
3.03 †
3.47 ∗
Q7
3.39
3.09
3.52
Q8
3.96
3.56
3.81
Q9
3.39 †
3.75 †
2.91
Q10
3.46 †
3.56 †
2.8
Table 4: Mean responses from post-task questionnaires by
condition. ∗ = sig. diff. with Obstacles; † = sig. diff. with
Treadmill

It appears that those sitting still generally found the tasks easiest
(Q3; see Figure 6) - significantly more so than those in the treadmill
group - and were more satisfied with the steps they took to find
relevant information (Q4). Those sitting and on the treadmill were
significantly more likely to forget their immediate surroundings
than those on the obstacle course (Q5) and felt more involved in
the task (Q6). Although differences were not significant, there was
a trend that those on the treadmill felt more involved in the task
to the point where they lost track of time (Q7) and those on the
obstacle course felt less absorbed in the search tasks (Q8). In terms
of being able to find sufficient information to fulfill the task, those in
the baseline and obstacle course conditions felt there significantly
more able to find enough information (Q9) and were significantly
more satisfied with what they found than those on the treadmill
(Q10).

5

SEARCH PERFORMANCE

In order to objectively evaluate search performance, we rely on
three main metrics: the average number of hits (relevant documents) returned per search query; the mean average precision
attained; the number of documents bookmarked; the number of
documents read; the ratio of relevant documents bookmarked relative to the total number bookmarked (to give an indication of how
accurate users were with their bookmark choices); and the same
ratio for documents read. Based on the results of linear models, the
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number of hits, mean average precision and number of documents
read are all significant predictors of perceived success (Q9 and Q10
in the post-task questionnaire). We also consider a number of other
proxies of overall search and task performance as well as metrics
such as query length and search duration.

5.1

Performance by experimental condition
Condition

Sitting

Obstacles

Treadmill

# of queries/user
13
12
14
Hits/query
3.71 ∗†
2
1.75
MAP
0.104 ∗† 0.085
0.083
Bookmarks/query 1.32 †
1.74 †
1.03
(Ratio relevant)
0.55
0.47
0.49
Docs read/query
1.58 †
1.19
1.0
(Ratio relevant)
0.43
0.41
0.44
# of query terms
3.61 ∗
3.17
3.38
Query duration
39.5s ∗† 30.5s
35s
Table 5: Objective performance measures by condition. ∗ =
sig. diff. with Obstacles; † = sig. diff. with Treadmill

Table 5 shows how the objective performance measures varied
by experimental condition. Most notably, the average number of
hits per query achieved by the baseline users is significantly greater
than those by either the treadmill (p-value=0.029) or obstacle course
(p-value=0.023) groups, even though all groups submitted very
similar numbers of queries (see Figure 7). This is also true for mean
average precision. This suggests that those sitting were able to
generate more accurate and precise queries than those in the other
two groups. This may be because the queries they submitted were
longer and more detailed (significantly longer than the obstacle
course group: p-value=0.002) and because they spent significantly
more time per query than the others - over 5 seconds longer on
average per query (compared to treadmill: p-value=0.023; compared
to obstacle course: p-value=0.005).
Those sitting and those on the obstacle course bookmarked significantly more documents than the treadmill group (p-values=
0.01 and 0.001 resp.). The participants on the obstacle course bookmarked the most often, however, as they bookmarked a larger
number of non-relevant documents, they had the lowest ratio of
relevant bookmarks. The baseline group read the largest number of
documents on average, perhaps partially explaining their increased
query durations, and read significantly more than those on the
treadmill (W=7371, p-value= 0.015). This may be because sitting at
a desk is a more comfortable environment for in-depth tasks such
as reading, which requires concentration and may be disrupted by
movements of the screen or eyes.

6

IMPACT OF DEVICE USED

To determine what impact device type has on search, half of the
search tasks were completed on a smart phone and the other half
were completed on a larger tablet device. As shown in Table 6,
although the objective performance measures recorded for the different devices were almost identical (i.e. no significant differences),
there was substantial variation in the participants’ perceptions of

Figure 7: Number of hits (relevant documents) returned per
query.
searching on each device. In general, people found the smart phone
to be much less useful for the tasks set than the tablet: They felt significantly more hurried and rushed when using the phone (t=2.25;
p-value=0.025) and found the tasks to be significantly more difficult
(t=2.7; p-value=0.007). Although users felt equally satisfied on both
devices about the steps they themselves had taken to find the necessary information (t=-0.45; p-value=0.65), when using the smart
phone they were significantly less satisfied with the information
they found (t=-3.14; p-value  0.01), suggesting that they placed
the blame on the device and not on their own search behaviour.
Device type

Smart phone

Tablet

Hits/query
Bookmarks/query
# of query terms
Query duration

2.8
1.48
3.39
48.6

2.77
1.2
3.4
49.2

Q1 felt hurried/rushed
2.98
2.69
Q3 difficult task
3.49
3.12
Q4 satisfied with step taken
3.18
3.25
Q10 satisfied with info. found 2.77
3.22
Table 6: Objective and subjective performance measures by
device type.

It seems the experimental condition had an impact on how users
perceived differences between the devices (Table 7). Users in the
baseline condition (sitting at a desk) actually performed better
- in terms of number of hits - on the tablet than on the phone,
albeit not significantly (W=977, p-value=0.121). This trend was,
however, reversed under the other two experimental conditions
with those on the phone seemingly performing better than those
on the tablet. This was also reflected in the users’ perception of
flow/involvement in the task: Those sitting felt significantly less
aware of their surroundings when using the tablet (Q5; t = 2.2,
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p-value=0.03) than the phone, while those in the other conditions
had the opposite experience (Q5; t=-2.11, p-value=0.036); and those
in the non-baseline conditions felt less aware of time passing when
using the phone than the tablet (Q7; t=3.53, p-value=0.001). It’s also
notable that the baseline group spent longer on the tasks (query
duration) when using the tablet than the phone, but the other groups
actually spent longer when using the phone.
Baseline
P
T
Hits/query
2.67 3.64
Query duration
59.1 64.1
Q5 forgot surroundings 3.17 3.7
Q7 lost track of time
2.98 3.42
Table 7: Performance and perception by
vice type (P=smart phone, T=tablet).

7

Other cond.
P
T
2.84 2.37
44.2 42.2
3.53 3.18
3.73 3.1
condition and de-

DISCUSSION

This research set out three research questions aimed at exploring
mobile searching and the effects of fragmented attention in common situations. The following discussion will consider each of the
research questions in turn.
Do common mobile situations impact on users’ perceptions of the task and their own performance? (RQ1)
Our results demonstrate that the different conditions had a number of fairly profound effects on user perceptions, both before and
after completing the tasks. The pre-study questionnaire showed
that participants expected using both devices whilst walking on a
treadmill would be more difficult than sitting still and navigating
an obstacle course. This is something that tallies with past research,
which shows that situational impairments do exert a range of effects on performance, adding levels of difficulty as interaction with
the device takes place [20]. The treadmill lessened their feeling of
control, or lack of it, which reduced their perceived effectiveness
as they interact with the UI [4, 23]. The older a participant was, the
greater the expected difficulty of using a tablet on a treadmill, but
this was not the case for phones or when sitting, perhaps because
younger people are more familiar with such devices and may have
more experience using them in mobile situations [1].
Post-task perception showed that different experimental conditions had a number of different effects on the participants’ perceptions. Those on the treadmill felt significantly more rushed than in
the other two conditions. Oulasvita et al. [30] pointed to the effect
of a situation on the duration of continuous attention, finding that
participants in their laboratory experiments were more focused on
the tasks compared with participants on a busy street. In this study,
those sitting and on the treadmill were significantly more likely
to forget their immediate surroundings than those on the obstacle
course and more involved in the task. This may be because there is
an increased need to attend to the surrounding environment when
walking, but with the treadmill this is not the case as the situation
does not change [23].
Participants seemed to take the experimental conditions into
account when estimating task difficulty, recording significant differences in perceived task difficulty. With the frequency of mobile

use continuously on the increase, participants were likely to be
aware of these potential challenges as they interacted. They expected these difficulties to increase their cognitive workload and
the changes in mobility (i.e. walking) to influence not only their
walking speed but mental workload during the tasks [24]. Those
who knew they would be sitting still expected the tasks to be easier
than the other conditions while those who were sitting still and
those on the obstacle course thought finding relevant documents
would be equally easy.
It is interesting that people expected the treadmill to be most
difficult, despite the fact that it should require more cognitive effort
to avoid the obstacles. This may be because these participants
have control over the pace at which they are walking, while those
on the treadmill are kept at a constant speed by the mechanism.
Those on the obstacle course have the possibility to slow down
while conducting demanding tasks, such as assessing document
relevance, thereby reducing their overall cognitive load [21]. This
may explain why Mizobuchi et al. [24] observed no reduction in
input accuracy when walking and texting - the participants simply
reduced their walking speed to prioritise text input.
Participants on the obstacle course felt less absorbed in the search
tasks. This could be due to the fact that walking while using a smart
phone requires both cognitive and motor abilities and appropriate
division of attention to each [20]. The level of absorption in the
search tasks is less due to the participant needing to be aware of
their surroundings. The participants are walking and using the
device, in doing so they take longer to complete a set route and,
therefore, walk more slowly. There are two repercussions to this,
they will slow down on the obstacle route (because they have
control) and experience increased cognitive load on the treadmill
(not being able to adjust their speed) [22].
Do common mobile situations impact on objective measures of users’ task performance and behaviour? (RQ2)
Although the effects on objective performance were perhaps
not quite as numerous or great as they were on perception, the
different conditions did impact search behaviour and, consequently,
performance. The most profound difference was found in the quality, in terms of number of hits and MAP, of the queries submitted those sitting were able to generate significantly more accurate and
precise queries than those in the other two groups. Perhaps this is
because sitting evokes an environment more like desktop search,
where users feel that they have more time to think carefully about
the queries they enter [18]. This was also evidenced by the sitting
group’s queries being significantly longer (i.e. being comprised of
more terms) and is in line with the studies of Kamvar et al. [18] and
Schaller et al. [32, 33] and also corresponds with the results from
the post-task questionnaire, which showed that the users on the
treadmill and on the obstacle course felt more hurried and rushed
and were more aware of time pressures.
Additionally, it seems the effects of time pressure on search behaviour highlighted in the studies of Crescenzi et al. [9, 10] are
also relevant in this context, even though in the case of our study
time pressures were perceived rather than enforced. Interestingly,
though, we did not observe the same increase in querying frequency. [9]. A possible way to mitigate these issues might be to
detect when users are walking (by using the device’s motion sensors
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and gyroscopes) and to adapt the interface to offer more querying
support and to present more concise snippets in such situations.
Participants on the treadmill bookmarked significantly fewer
documents than the other two groups. A situation which is again
likely because they felt more rushed, meaning they were less likely
to explore the search results and to assess potentially relevant
documents for relevance [9], tasks that will likely incur a higher
“cost” [2] when input accuracy [26] and reading comprehension [3]
is reduced. Similarly, participants in both of the non-baseline groups
spent significantly less time on each SERP and, therefore, assessed
significantly fewer documents for relevance.
What impact does the device type have on user performance and perception thereof? (RQ3)
There was substantial variation in the participants’ perceptions of
searching on each device, contradicting the objective performance
observed on the devices, which were identical. We found that the
device used influenced participants’ perceptions of the search tasks
and that the tablet was, on the whole, preferred, although this was
somewhat dependent on experimental condition. People felt more
hurried, found the tasks harder and were less satisfied with the
information they had found when using the phone. The increased
(perceived) difficulty on the phone may be because users have less
screen space to work with, making interaction with the various UI
controls more difficult, especially when interaction occurs in a distracting environment [4]. Since larger screens appear less cluttered
with information, users may have felt less overwhelmed by the
amount of information presented on the relatively more spacious
tablet screen [5]. These findings are in line with those of Hancock
et al. [12], however our results are novel as they demonstrate that
this effect holds between smart phone and tablet devices and is in
fact more profoundly felt in the context of mobile search.
In contrast to the results of Song et al. [36], we didn’t find any
difference in query length or query duration between the two devices, although there was notable interaction between the device
type and experimental condition. Users in the baseline (seated)
group performed better on the tablet than the phone, however,
those in the other two groups performed rather better on the phone
than the tablet. This may be because phones are more typically
used as a handheld device at arm’s length, while the larger, heavier
tablets are more often used when propped up on a table or cradled
in one arm [31] and rarely used out of the home [25]. This is also
evidenced by the difference in perceived immersion/flow in the task
- when seated, using the tablet resulted in a greater feeling of immersion than the phone, while this was reserved for the other two
conditions. The extra heft of the tablet when walking may make
the device too conspicuous, serving to pull the user out of flow,
while the much lighter, less cumbersome phone does not prevent
the users from becoming immersed.
The variation in the amount of time spent on tasks (baseline
users spend longer on the tablet than the phone, with the situation
reversed for the other conditions) is interesting and perhaps speaks
to the difference in weight (and therefore experienced encumbrance)
between the two devices. Increased encumbrance has been shown
to result in reduced input accuracy and increased mental load [27]
and may lead to users more rapidly becoming fatigued, which would
explain their propensity to give up the tasks earlier on the tablet
when walking. When choosing between devices for a given task,
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it may therefore be useful to consider whether or not the user is
likely to be moving or seated.

8

CONCLUSIONS

The main aim of this study was to investigate how different mobile
situational contexts and different mobile devices (i.e. phones and
tablets) affect user performance and experience when performing
web search tasks. We conducted a laboratory experiment with 24
participants in which three different conditions were simulated:
sitting at a table (the baseline), walking on a treadmill and navigating an obstacle course. Analysis of subjective measures, derived
from pre- and post-task questionnaires, as well as objective performance metrics showed that both the context and device variables
had a number of effects on performance, both perceived and measured, as well as participants’ feelings of immersion, satisfaction
and urgency.
Our results provide useful insights to inform the design of future
interfaces for mobile search and give us a greater understanding
of how context and device size affect search behaviour and user
experience. It is clear that some contexts have negative effects
on user search experience and that this is additionally affected by
device type. When seated, tablets are preferable for complex search
tasks, however this is reversed in instances where the advantage
of the device’s extra screen space is offset by its additional weight
(and therefore, the extra encumbrance experience by the user).
These insights suggest the need for more care to be taken when
designing mobile search interfaces by considering the context in
which the system will be used, as well as the type of device. Interfaces could be developed that adapt when a walking-like motion
is detected to aid the user in generating queries and to present
information in a terser, more focused manner to reduce mental load
and simplify the information space. This work also has potential
repercussions for IR and HCI researchers: When designing and
evaluating mobile search systems, it is clear that whether the user
is in motion and the combination of device size and weight and
situational context have significant effects on perception. It is also
clear from this work that a treadmill may not always be appropriate
for simulating mobile search as in reality users adjust their walking
speed to prioritise interaction with the device, something which is
not possible under this condition. Therefore, practitioners should
be aware of these factors to ensure that these insights are incorporated into study design and taken into account when assessing
user performance so that results are in fact demonstrative of effects
induced by the experimental conditions and not other unmeasured
variables.

8.1

Future work

As future research in this area we plan to expand on this work
by looking into user search behaviour in more detail using the
additional qualitative sources of information we captured during
the study. As noted earlier, we have recorded GoPro footage of each
participant as well as screen recordings of their interactions which
we plan to evaluate to identify patterns and behaviours unique to
each experimental condition. Using the data from the GoPro we will
be able to evaluate the participants’ spatial awareness (especially
on the predefined route) and their “attention-switches” away from
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the device in different situations. Using the 3 everyday situations
we will be able to assess the levels of immersion with each task and
compare the GoPro data to the pre-task perceptions - does their
initial thinking match reality and can we confirm our suspicions
that the tablet’s weight and bulk is the main cause of the differences
observed in this research? We intend to develop search interfaces
that adapt to the user’s situation (i.e. walking or not) and the device
type and to investigate whether these changes can in fact aid users
in fragmented contexts to query as well as those who are seated. We
would also like to simulate other situations that induce attention
fragmentation, such as a busy restaurant or bar, and determine
whether or not this causes similar changes in user behaviour and
performance.
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