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Abstract m This paper presents two lab-based experiments that compare laptop and tablet perfor-
mance in web-based search. Compared to laptops, tablets feature smaller screens and require ges-
tures to interact with them and to input information. It is thought that tablets may require the use
of additional mental resources and that this demand may hinder performance. A first experiment
(N=69) found that laptop users outperformed tablet users while conducting assigned information
search tasks on Wikipedia, and a second experiment (N=60) replicated these results. In the second
study, subjective ratings of cognitive load and eye-tracking data were collected to explore the im-
pact of tablet use on intrinsic and extraneous load. The data collected indicated that the decrease
in performance is related to an increase of extraneous load when using tablet computers. Hence,
policy makers should be cautious when considering whether to replace laptops with tablets in the

classrooms.
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Introduction

The year 2015 saw a shift in the world of information tech-
nology industry with the number of tablet computers sold
being greater than the total sum of both desktop comput-
ers and laptops (IDC, 2016). From playing games at home to
presenting slideshows at work, tablet computers are used
for a variety of purposes and in a wide range of contexts
(M"uller, Gove, Webb, & Cheang, 2015). In the US educa-
tion system, tablet computers are still proliferating in all
grades with a growing number of students using mobile
devices at schools, with up to 39% of students in grade K-2
having access to school provided tablet computers (Project
Tomorrow, 2017).

This trend is similar in other countries and is sup-
ported by growing enthusiasm among education special-
ists, teachers and students. It is felt that tablet comput-
ers could be a "game changer" in education, by offering a
range of new applications specifically dedicated to learn-
ing. Numerous studies have focused on the impact of
the tablet computer in education claiming that, in gen-
eral, tablet computers support learning and educational
goals. In their critical review, HafSler, Major, and Hennessy

(2016) concluded that the use of tablets supported positive
learning performance in 16 out of 23 studies. Also, tablet
computers have been reported to increase student moti-
vation (Sachs & Bull, 2012) and performance (Churchill,
Fox, & King, 2012; Chou & Feng, 2019) in learning. Tablets
also facilitate reading (Fernandez-Lopez, Rodriguez-Fortiz,
Rodriguez-Almendros, & Martinez-Segura, 2013) and an-
notating documents by reducing the split-attention effect
(Ando & Ueno, 2011). Students are more likely to engage in
the learning activity as well as communicate and collabo-
rate with their peers and teachers when using tablet com-
puters (Henderson, Shinkareva, Wang, Luke, & Olejarczyk,
2013; Mercier, Higgins, & Joyce-Gibbons, 2016). However,
some studies have mentioned that the use of tablet comput-
ers could be detrimental to learning by disturbing students
during the class (e.g. Churchill et al., 2012).

In spite of a growing body of research devoted to this
topic, it seems that most of those studies suffer from a lack
of scientific evidence. Reviewing 359 academic publica-
tions about the impact of tablet computers in education,
Karsenti and Fievez (2013) concluded that, while the ben-
efits of tablet computers are frequently cited in research,
there is not much empirical support provided for these
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claims. This is in line with Percival and Claydon (2015)
and Nguyen, Barton, and Nguyen (2015) who pointed out
that this body of research is mainly based on descriptive
studies and lacks evidence-based research. Furthermore,
Mulet, van de Leemput, and Amadieu (2019) identified in
their critical literature review that most studies were not
explicitly based on theoretical models, especially for those
using qualitative methods, which mostly consisted of de-
scriptive analyses or explorative investigations.

Although huge benefits were expected from introduc-
ing tablet computers into the classrooms, it turned out
that the resulting outcomes did not meet every expecta-
tion. The fact that some schools have been turning back, re-
placing their tablet computers with laptops (Murphy, 2014;
Reisinger, 2016), raises many issues with regard to the
suitability of this new technology in educational settings.
Tablets may not be the proper tool for every type of activity
performed at school and may be considered as an enhance-
ment device rather than a replacement for desktop or lap-
top computers. According to the Project Tomorrow survey
(2017), students think that laptops and tablet computers
are suited for different types of tasks, regardless of their
familiarity with the devices. Both tablet computer and lap-
top users identified the laptop as the best device to write
a report on or for performing online search. Neverthe-
less, those who had been assigned with tablet computers at
school identified tablet computers as best suited for taking
notes, watching videos and reading online books, whereas
laptop users considered the laptop as the best choice to per-
form these tasks. In another survey (Kaur, 2013), tablet
computers are reported by college students to be mainly
used for downloading educational apps, checking e-mails
and seeking information on the web.

Web-based information search process

It is worth noting that performing online search is de-
scribed as one of the most frequently performed tasks on
tablet computers even though both laptops and tablet com-
puters users prefer using a laptop to search online. De-
spite the growing importance of tablet computers in edu-
cation, there remains a paucity of evidence on the impact
of tablet computers on online-information search perfor-
mance. The present research seeks to obtain data which
help to address this research gap.

Numerous models have described the information
search process. Building on Marchioni’s model (Marchion-
ini, 1995), Sharit et al. (Sharit, Hernandez, Czaja, & Pirolli,
2008) describe the information search as a multi-stage
problem solving process "whereby the problem-solver’s
knowledge and other mental representations are manip-
ulated to achieve a goal" (Sharit et al., 2008, p, 3). First,
the seekers identify the problem and define the goals and
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subgoals of the search. Second, they generate search terms
and keywords that are translated into queries in a search
engine. Third, they look over the results and visit the web-
pages that are relevant with regard to the goals. The search
ends when the seekers consider that the goals are reached
or when they abandon the search. This is a highly iter-
ative process, since the problem definition and the goals
can be modified during the search, resulting in a reformu-
lation of the problem and the related queries. This model
emphasizes the important role of the user’s prior knowl-
edge and working memory capacity in the assessment of
website relevance and the relevance of the information re-
trieved. Throughout the process, users must keep the goal
of the search in working memory while generating queries,
selecting webpages and retrieving relevant content. There-
fore, both the amount of information that has to be main-
tained in working memory and the remaining resources
available to handle the task can impact the performance
in the information search (Sharit et al., 2008). Given that,
as mental resources play an important role in keeping the
seekers oriented in the search, it is necessary to address
the impact of using a tablet computer on the users’ mental
resources.

Impacts of tablet computer features on the user behav-
ior

To date, a number of studies have investigated the ef-
fects of using a tablet computer on user behavior without
achieving general agreement. As tablet computers usually
feature screens ranging from 7 to 10 inches, they have been
reported to dramatically increase scrolling while reading
(Sanchez & Goolsbee, 2010), thereby lowering text com-
prehension (Sanchez & Wiley, 2009) and task efficiency
(Botella, Moreno, & Pefialver, 2014). On the other hand,
some authors argue that tablet computers foster learning
by offering a gesture-based interaction mode that is less de-
manding in terms of mental resources (Ostrowski, 2014),
as it avoids the split attention effect due to the concomi-
tant use of a physical mouse and keyboard (Wang & Shen,
2012). Reviewing research on using iPads in higher ed-
ucation, Nguyen et al. (2015) concluded that using tablet
computers at school is not beneficial to learning. Onscreen
keyboard, another key feature of the tablet computer,
may hinder users’ satisfaction and performance (Chaparo,
Nguyen, Phan, Smith, & Teves, 2010; Findlater & Wobbrock,
2012; Varcholik, LaViola, & Hughes, 2012). Varcholik and
colleagues (2012) demonstrated that using a virtual key-
board to encode text decreases the speed and increases
typing errors, when compared to physical keyboards (lap-
top or desktop). Moreover, participants reported being less
satisfied when using the onscreen keyboard. Users have to
devote more attention to the onscreen keyboard when they
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Table 1m Description of the tasks, goals and actions required to perform the tasks

Task Instructions Gestures required Goal of the task

1 Go to Wikipedia homepage Left click Locate a page

2 Find the section about Anthropology of nutrition Left click Locate a section

3 Find the section about Human nutrition Left click Locate a section

4 Find two taboo practices in primitive cultures Left click, typing Locate pieces of infor-
mation

5 Find the name of the island with oldest people Left click, typing Locate piece of infor-
mation

6 Count the number of elements on can Dyck’s artwork Left click, zooming in Count elements in a

and out picture

7 Find the name of the Slavic goddess of food Left click, typing Locate a piece of in-
formation

8 Copy the name of the first reference on the page about Left click, right click, Copy a piece of text

Human nutrition copy pasting
9 Open up the page on 5 different languages in different Left click, right click Switch between dif-

tabs

ferent tabs

want to reduce their error rate (Findlater & Wobbrock,
2012). In view of all that has been mentioned so far, one
may suppose that tablet computers increase the demand
upon users’ mental resources. Given that resources avail-
able in working memory play a determinant role in the
information search process, it is assumed that they nega-
tively impact user’s performance.

The aim of this present research is to assess the impact
of the device on efficacy and efficiency when performing
online search tasks.

The research question is: Does tablet computer nega-
tively impact performance in online search compared to
laptop? A first exploratory lab-based study was conducted
to address this research question. The method and results
are presented and discussed in the next section.

Experiment 1

Methods

a) Sample. Sixty-nine undergraduate students from a ma-
jor Belgian university participated in this study (61 fe-
males, 8 males, M = 19.9, SD = 2.1). They were all en-
rolled in an introductory psychology course and get credits
for taking part in the experiment. Participants were ran-
domly assigned to one of the two conditions of our study,
laptop use (N = 35) or tablet computer use (N = 34).

b) Control variables. Numerous studies have indicated
that previous knowledge of the internet, experience with
search engines and familiarity with the device, can all im-
pact the efficacy of the search process (Kellar, Watters, &
Shepherd, 2007; Thatcher, 2008). Familiarity with the de-
vices was controlled by asking the participants to report
the number of hours spent on each device on a weekly ba-

sis (for laptop and tablet computer).

Familiarity with gestures was also controlled using a 7-
point Likert scale including 7 items (o = .742) such as “Us-
ing gestures on a tactile device is not a problem for me”, “I
am familiar with the main gestures used to interact with a
tactile device”; “I do not know how to interact with a tactile
device”. Independent samples t-tests performed on age,
gender or familiarity with the devices and gestures did not
yield any significant difference across experimental condi-
tions.

c) Information search tasks. Participants were asked to
seek information on the online encyclopedia “Wikipedia”.
Search tasks were designed following the principles of sit-
uated context (Borlund & Ingwersen, 1999). Nine formal
fact-finding tasks (described in Table 1) were defined based
on previous research on information search (Choo, Detlor,
& Turnbull, 2000; Toms et al., 2007) in order to make the
participants use the most frequent gestures (left and right
clicking, zooming in/out, scrolling, using keyboard).

d) Task performance. Performance in search tasks was
based on both task efficacy and efficiency. Task effi-
cacy was a function of the number of tasks successfully
achieved. For each task, participants were given one point
for providing a right answer (or reached the expected tar-
get), and zero point for a wrong answer or no answer.
Scores were summed across all tasks in order to compute
an overall efficacy score. Time spent on each task, num-
ber of pages visited, number of left and right clicks were
measured to account for task efficiency.

e) Protocol. This exploratory study was held in our re-
search center’s usability lab. Upon arrival, participants
were asked to read and sign a consent form and randomly
assigned to one of the two conditions (laptop or tablet com-
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Table 2 m Differences in means (5 D) of the main dependent variables between laptop (N = 33) and tablet computer

(N = 36) conditions

Device Mean t df P

Efficacy Laptop .6970 (.1595) 2.204 67 .031
Tablet PC  .5898 (.239)

Time per task (sec) Laptop 116.14 (56.17) 1.194 67 .237
Tablet PC  132.84 (59.68)

Pages visited per task Laptop 4.74 (1.99) 747 67 458
Tablet PC  4.34 (2.41)

L Clicks Laptop 180.91 .748 66  .457
TabletPC  168.83

R Clicks Laptop 14.06 5.828 66 <.001
Tablet PC  3.51

Note. Means are averaged over the all tasks, unless otherwise stated;

df: degrees of freedom.

puter). They filled out a biographical data form including
familiarity scales. Instructions were then provided, and
they were asked to complete a trial task before doing the
search tasks, provided in a linear order. They were in-
structed to only use the default online browser to seek in-
formation. Once all the tasks were completed, participants
were given time to debrief the study and escorted from the
lab. On average, an experimental run took around sixty
minutes.

f) Apparatus. In the two experimental conditions, we
used a Lenovo Yoga 13 tablet computer PC with an Intel
Core i7 and 8GM RAM[1]. The computer ran windows 8
and used Internet Explorer as the default internet browser.
The monitor had a 13.3 inch screen with a resolution of
1600 x 900. In the touchscreen condition, the tablet com-
puter PC was folded so that participants were only pro-
vided with the tactile touchscreen to interact with the de-
vice (so as to simulate a ‘true’ tablet computer). In the
laptop condition, participants were asked to use the inte-
grated mouse and keyboard and were not allowed to use
the touchscreen. Interactions with the device and pages
visited were recorded using third party software EyeWorks
(EyeTracking Inc, 2015). Logs were analyzed to compute
performance metrics.

g) Data analysis. All data transformations were per-
formed on the open-source software R (R Core Team, 2018)
and statistical analyses used the statistical suite SPSS. All
dependent variables showed a normality of distribution
and thus parametric independent-samples t tests were run
to compare differences of mean between groups.

Results

The present exploratory study was designed to determine
the effect of using a tablet computer versus a laptop on

information search performance. Independent samples t-
test were used to analyze the differences in scores across
the two conditions. Table 2 provides means and standard
deviations for the main behavioral metrics as well as the t-
statistics and corresponding p-values. From the data, we
can see that laptop users outperformed tablet computer
users with a mean efficacy score of 0.69 (SD = .16) com-
pared to 0.59 (SD = .24) (maximum score = 1). No dif-
ferences were found in time, number of pages visited or in
number of left clicks (task efficiency). However, there was
a significant difference in the number of right clicks with
a mean of 14.06 in the laptop condition versus only 3.51 in
the tablet computer condition. This last result seems to in-
dicate that users did not know how to perform a right click
on a tablet computer (holding the finger on the screen for
a few seconds) or struggled with that action.

Discussion

This first study opened the door to further investigation by
raising some interesting issues. While we found an effect
of the device on performance, the underlying mechanisms
that could explain this difference remain unexplored. It
is noteworthy that laptop users visited more pages but
took less time overall, which suggests that tablet comput-
ers users spent more time on each page. This might be ex-
plained by the fact that users were more disoriented in the
search due to the increased mental effort required by the
use of a tablet computer.

Building on these findings, a second study was con-
ducted to examine the impact of the devices on the users’
mental resources and performance. The objectives and hy-
potheses of this experiment are outlined in the next sec-
tion. Specific theoretical framework is described before
each hypothesis.
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Experiment 2

Objectives and hypotheses

Cognitive theories constitute a relevant framework to ex-
plore how tablet computers can impact users’ mental re-
sources. Originally developed in the field of instructional
design, Cognitive Load Theory (Sweller, 1988) and her sis-
ter theory, the Cognitive Theory of Learning with Media
(Mayer, Heiser, & Lonn, 2001), are based on the same as-
sumptions. Firstly, the human cognitive architecture is
made up of two dependent structures: a) the working
memory that actively selects and integrates incoming in-
formation with prior knowledge and mental models; b)
a long-term memory that stores a potentially unlimited
amount of information in the form of schemata. Secondly,
the working memory has limited resources, and activities
that request attention compete for these resources. Cogni-
tive load refers to this limited capacity and is described as
the mental cost of a specific task, for a particular individ-
ual in a given context (Sweller, 1988). According to these
theories, cognitive load is multifactorial and can be divided
into three types of cognitive load: intrinsic, extraneous and
germane loads. Intrinsic load is related to the material to
be learnt (the interactivity of the elements) and the user’s
prior knowledge. It is usually related to the task demand
and task difficulty. Extraneous load deals with the mental
resources devoted to elements that are not directly related
to the task at hand and is often linked to the presentation
format. Germane load is described as the mental resources
required by schemata acquisition and automation in work-
ing memory. Korbach, Br'unken, and Park (2018) propose
to consider the updated cognitive load theory model (Choi,
van Merrienboer, & Paas, 2014) which takes into account
only two of those three cognitive loads (intrinsic and ex-
traneous load) because of the close relationship between
intrinsic and germane load, and therefore the inability to
distinguish the contributions of one from the other. Since
the working memory capacity is limited, an increase of ex-
traneous load is correlated to a decrease of intrinsic and
germane load and, consequently, results in lower learning
outcomes or performance.

As mentioned in the rationale behind the first study,
browsing the web on a tablet computer is likely to increase
webpage scrolling, which will result in a higher demand
upon cognitive resources and a rise in extraneous load.
Moreover, keying errors are more frequent on onscreen
keyboards than on their physical equivalents and there-
fore, require much more attentional resources. As pointed
out by Sharit and colleagues (Sharit et al., 2008), informa-
tion search on the web requires the employment of a sub-
stantial amount of mental resources. The seeker has to

@ EIrgssMark

keep the goal of the search in working memory while mak-
ing decisions about the search results’ relevance until the
task is successfully achieved. Given that, using tablet com-
puters seems to require more mental resources, and the
working memory has a very limited capacity. This is why
it might be assumed that the use of a tablet computer hin-
ders user performance.

Accordingly, the following set of hypotheses is stated:
H,. Laptop users will outperform tablet computers
users in online search.

H,. Using a tablet computer will generate a higher level
of extraneous load compared to a laptop.

As pointed out by Sweller (2010), a rise in the level of
extraneous load does not always result in a drop in perfor-
mance. Since intrinsic load refers to the mental resources
devoted to the task, we assume that the level of intrinsic
load will be constant for a given information search task,
regardless of the device used. Conversely, intrinsic load
should increase with the level of task difficulty. Therefore,
the two following hypotheses are made:

Hs,. The level of intrinsic load will not vary across the
devices.

Hsp. The level of intrinsic load will increase with the
level of task difficulty.

Under low intrinsic load conditions, an individual may
deal with a high extraneous load without any impact on
the performance, since the overall load does not exceed
the working memory capacity. However, under moder-
ate to high intrinsic load conditions, it is more likely that
a high level of extraneous load will be detrimental to per-
formance. Thus, it is reasonable to argue that a difference
in performance between laptop and tablet computer users
is more likely to be found for difficult tasks rather than for
simple ones. Applied to the current study, it is hypothe-
sized that there will be an interaction effect between the
task difficulty and the type of device.

H,. Tablets hinder performance in information search
but only for difficult tasks.

Method

a) Sample. Sixty undergraduate students from a Belgian
university took part in this study. None of the participants
had taken part in the first study. They were enrolled on
a psychology course and recruited through an online plat-
form dedicated to research in social science. As in the first
experiment, participants were randomly assigned to one
of the two conditions (laptop or tablet computer). Four
participants were removed due to technical problems en-
countered during the experiment. Our final sample was
composed of 36 females and 18 males (mean age = 21.07,
SD = 1.87). Participants had normal or corrected-to-
normal vision and did not report any attentional disorder.
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Task Instructions Task Demand

1 Go the European Union (EU) portal on Wikipedia Low

2 Find what are the main European institutions Low

3 Find what is the motto of the EU Low

4 Find the name of the Head of EU international affairs Low

5 Identify what the ultra-peripheral region of EU and the countries they belong to High

6 Find the EU member states GDP and count the number of countries with a higher GDP  High
than Belgium

7 Find the countries that founded the European Coal and Steel Community and the official High
languages of those countries

8 In the main EU Wikipedia page. Find the Fondation that was named after one of the EU High
founders.

They were given compensation of €10 ($11) for participat-
ing in the experiment. This study was approved by the In-
stitutional Review Board of the Université Libre de Brux-
elles with written informed consent from all subjects in ac-
cordance with the Declaration of Helsinki.

b) Control variables. As in the first study, familiarity with
laptop and tablet computer as well as familiarity with the
gestures were controlled for. Independent samples t-tests
did not yield any significant differences between experi-
mental conditions.

c) Information search tasks. Participants were asked to
search on the online encyclopedia Wikipedia. Several fact-
finding tasks were designed following the principles of sit-
uated context (Borlund & Ingwersen, 1999). Tasks included
reaching a specific page on Wikipedia, locating and finding
piece(s) of information or comparing information across
charts on the same page. Unlike the first study, tasks were
classified into two blocks depending on their level of cog-
nitive demand (Table 3).

According to Sharit et al.’s (2008) model of information
search, working memory plays an important role in search
performance. Throughout the process, users must keep the
goal of the search in working memory while generating
queries, selecting webpages and retrieving relevant con-
tent. Therefore, both the amount of information that has
to be maintained in working memory and the remaining
resources available to handle the task can impact the per-
formance in the information search. The tasks were de-
signed to manipulate the amount of information that has
to be kept in working memory. For the low demanding
tasks (single fact-finding task), this amount is kept minimal
as the user has to maintain a single piece of information
in working memory while browsing webpages to locate in-
formation that meets the goal of the search. For the high
demanding tasks (comparing information between web-
pages), the user has to maintain a greater amount of in-
formation in working memory along with monitoring the

search itself, leading to an overall increase in task-related
cognitive demand. To ascertain the level of task complex-
ity, participants were asked to gauge the task difficulty af-
ter each task. Participants across the two conditions found
the low-demanding block of tasks to be less difficult than
the high-demanding one.
d) Task performance. Participants were awarded one
point for a successfully achieved task and zero point for
a wrong answer or no answer; the sum of points corre-
sponds to the score of efficacy. Like the first study, effi-
ciency was measured by means of four metrics: time spent
on task, number of webpages visited, and number of left
and right clicks. The total of all the task scores was calcu-
lated in order to give an overall score for efficacy or for/and
efficiency. To account for task demand, scores were added
up for each of the two task blocks (that being low and high
demanding).
e) Cognitive load measurement. Different methods al-
low the measurement of cognitive load: subjective rat-
ings, performance-based measures and psychophysiolog-
ical measures (see Brunken, Plass, & Leutner, 2003; Galy,
Cariou, & Mélan, 2012, for a review of these methods).

Perceived cognitive load was measured with a two-
item scale adapted from previous studies (Cierniak,
Scheiter, & Gerjets, 2009; Gerjets, Scheiter, & Catrambone,
2004; Scheiter, Gerjets, & Catrambone, 2006). The items
were adjusted to reflect the variations of the loads in the
specific context of this study. Intrinsic load was assessed
with an item referring to the mental effort required to
achieve tasks goals. Extraneous load was assessed with
an item related to the mental effort devoted to interact-
ing with the device. All items were measured by a 7-point
Likert scale ranging from “Strongly disagree” to “Strongly
agree”.

Psychophysiological measures have several advantages
over subjective ratings. Since they are based on bodily re-
sponses, they allow measurement at a high rate and with
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a high degree of sensitivity (Galy et al., 2012). Moreover,
they do not require an overt response by the subjects and,
in this way, are considered as a direct and “objective” way
to infer mental activity. Although many measures have
been used to estimate mental workload (e.g. cardiac activ-
ity, galvanic skin response, event-related brain changes),
eye-related measures are amongst the most popular used
ones so far. Eye tracking is a cost effective and a non-
intrusive technique that allows to monitor users’ attention,
processing demand and mental workload. Cognitive ac-
tivity can be inferred from three classes of eye informa-
tion: eye movements (fixations and saccades), eye blink
and pupillary response (Chen & Epps, 2012; Holmqvist et
al., 2011; Isabella, Urbain, Cheyne, & Cheyne, 2019).

Although there is still no evidence of direct relationship
between physiological measures and independent mea-
sures of subtypes of load (Zheng, 2018), this is still an on-
going research and such attempts should be encouraged
(Sweller, 2018). In this study, we investigated whether we
could identify independent proxies of intrinsic and extra-
neous loads using eye-related data.

Fixation duration is assumed to be a measure of pro-
cessing demand and longer fixations and have been re-
lated to higher cognitive load in many studies (Holmqvist
et al., 2011). Korbach et al. (2018) showed that fixation du-
ration, amongst other eye movements such as saccades and
transitions, should be seen as indicators of cognitive activ-
ity that provide information about what causes the cogni-
tive load. Therefore, we assumed that, in the particular
context of this study, fixation duration would be related to
variation of task complexity and therefore could be seen as
a proxy of the intrinsic load.

Unlike eye movements, the pupillary response is un-
der control of the autonomous system and cannot be vol-
untarily controlled by the subject, which explains why it
has been one of the most extensively studied eye-related
measures. Relationships between pupil diameter and cog-
nitive load can also be found in numerous studies inter-
ested in web user’s behavior (Debue & Van De Leemput,
2014; Di Stasi, Antoli, & Cafias, 2013; Gwizdka & Zhang,
2015). An increase of pupil diameter might well be related
to a deeper cognitive processing or higher user activation
in the task. The Index of Cognitive Activity (ICA) is a pupil-
based composite measure intended to filter out the vari-
ations in pupil diameter caused by changes in luminance
(see Marshall, 2002, for an in-depth explanation). While so
far the ICA has been used in a limited number of studies,
it has been shown to be sensitive to changes in perceptual
demand (Schwalm, Keinath, & Zimmer, 2008). In this study,
we investigated whether the ICA could be used as a proxy
measure of the extraneous load.
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f) Protocol. A similar protocol as in the first study was
used, except that the eye tracking device was calibrated
for each participant before the test session. Subjective rat-
ings of cognitive load were collected after each block of
tasks while task difficulty was assessed after each task. The
presentation order of the blocks was randomized between
subjects to avoid any order effect.

g) Apparatus. The study setting was similar to the first
study and the same computer was used. The eye track-
ing data was collected using the FaceLab 5 remote system
(SeeingMachines), with binocular tracking at a sampling
rate of 60 Hz. The system consists of two small cameras
and an infra-red spotlight that were situated below the
screen. The proprietary software EyeWorks (EyeTracking
Inc, 2015) was used for collecting raw eye data and comput-
ing the Index of Cognitive Activity. Data was then imported
into the open-source eye tracking data analysis software
OGAMA (Vosskuhler, Nordmeier, Kuchinke, & Jacobs, 2008)
and means were computed across tasks and participants
using data from both eyes. Minimum fixation duration
and the size of the detection ring were set to 100 millisec-
onds and 40 pixels respectively (the expression in pixels of
the system accuracy (1°)). Because of calibration problems
and artefacts, 25 participants were removed from the eye-
related data analyses.

h) Data analysis. All data transformations were per-
formed on the open-source software R (R Core Team, 2018).
Pearson’s correlation analysis and descriptive statistical
analyses were used for the statistical suite SPSS. After re-
moving outliers, normality tests indicated that the vari-
ables included in the analyses were approximately nor-
mally distributed. Linear Mixed Models (LMM) tested the
main effects of the device and task demand as well as the
interaction between both variables (see West, Welch, &
Galecki, 2014, for a comprehensive introduction to LMM).
Unlike the General Linear Model, LMM allows to define
random effects along with fixed effects in order to ac-
count for the variability across subjects (random intercept
model) or the variability across the subject’s responses to
the main effect (random slope model). Following the rec-
ommendations of Barr, Levy, Scheepers, and Tily (2013)
and Schielzeth and Forstmeier (2009), we used a maximal
random effect structure with random intercept and ran-
dom slope for the main between-subject effect (device),
with an unstructured covariance matrix between random
effects. Convergence issues were dealt with by remov-
ing the random intercept from the model and keeping the
random slope(s) in order to minimize the type 1 error
(Schielzeth & Forstmeier, 2009).
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Table 4m Linear mixed effects model summary for performance metrics

Parameters Estimates (3) SE p AIC
Efficacy Intercept 2.489 .076  <.001 753.428
Device 0.334 .109 .002
Task demand 0.351 .100 .728
Device x task demand -0.2689 .14 .069
Time Intercept 171.30 10.138 <.001 3963.392
Device -39.510 14.67 .009
Task demand -55.70 9.96 <.001
Device x task demand 38.147 14.63 <.01
Pages Intercept 3.058 .165 <.001 1309.177
Device -.0983 237 <.001
Task demand -.4992 232 .037
Device x task demand 1.0266 .339 .004
Left clicks Intercept 9.74 439 <001 1791.869
Device -.909 .642 .162
Task demand .269 .573 .640
Device x task demand -.446 .848 .602
Right Clicks Intercept 0 .011 1.00 -507.971
Device .034 .016 .032
Task demand 0 0.16 1.00
Device x task demand -.019 .023 415

Note. SE : Standard Errors; AIC: Akaike’s Information Criterion

Results

a) Task Performance. As in the first experiment, we
found a significant main effect of the device on efficacy
(B = 0.334, p = .002), showing that tablet computer par-
ticipants performed significantly worse (M = 2.50, SD =
0.78) than laptop participants (M = 2.79, SD = .59) (max-
imum = 3). While the predicted two-way interaction be-
tween device and task difficulty failed to reach the signif-
icance threshold (B = —0.27, SE = .14, p = 0.69), the
results tended to support that only high-demanding tasks
lead to a difference in performance between devices (H4).

As indicated in Tables 4 and 5, tablet computer partic-
ipants spent on average more time on tasks than laptop
participants (B = —39.51, SE = 14.67, p = .009), but
only when performing high-demanding tasks. Similarly,
tablet computer users visited more webpages than laptop
users when they tried to complete high-demanding tasks
(B =1.02, SE = .339, p = .004).

b) Subjective ratings of cognitive load. Descriptive statis-
tics and the results of linear mixed models analyses for
subjective cognitive loads are presented in Tables 6 and
7. As expected, no main effect of the device on the level
of reported intrinsic load was found (Hjs, is supported).

Table 5m Differences in means (SD) of efficacy and efficiency across conditions and task demand

Efficacy Time (seconds) Webpages visited Leftclicks Right clicks
Laptop
Total 2.73(.59) 123.49 (65.69) 2.30(1.21) 8.76 (2.46) .03 (.160)
Taskdemand Low 2.60(.71) 111.91(62.79) 2.60 (1.45) 8.66 (2.78) .01 (.122)
High 2.83(47) 132.02(66.79) 2.07 (.91) 8.84 (2.19) .03 (.184)
Tablet PC
Total 2.50 (.78)  143.96 (89.54) 2.83(1.85) 9.85 (4.29) 0(0)
Taskdemand Low 2.52(.78) 116.20(72.75) 2.56 (.132) 10.01 (4.77) 0(0)
High 2.49(79) 167.28(95.82) 3.05(2.17) 9.71 (3.85) 00
Low demand 2.55(74) 114.25(68.22) 2.58 (1.38) 9.41 (4.05) .01 (.081)
High demand 2.65(.68) 150.103 (84.61) 2.34(1.43) 9.30 (3.19) .02 (.127)
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Table 6 m Linear mixed effects model summary for subjective ratings of cognitive load

Parameters Estimates (3) SFE p AIC
Intrinsic Load Intercept 3.36 25 <001 517.126

Device -0.90 .36 .801

Task demand -0.40 .24 .095

Device x task demand .64 .35 .073
Extraneous Load Intercept 3.69 24 <.001 540.691

Device -0.89 .35 .013

Task demand -1.04 28  <.001

Device x task demand .92 A1 .025

Note. SE : Standard Errors; AIC: Akaike’s Information Criterion

Table 7 m Differences in means (SD) of reported levels of cognitive loads across conditions and level of task demand

Intrinsic Load Extraneous Load

Laptop

Total 3.36 (1.50) 2.75 (1.34)

Task demand Low 3.46 (1.47) 2.63(1.31)
High 3.31 (1.52) 2.82 (1.36)

Tablet PC

Total 3.27 (1.46) 3.35(1.71)

Task demand Low 3.00 (1.55) 2.69 (1.41)
High 3.42 (1.40) 3.74 (1.76)

Low demand 3.21 (1.52) 2.66 (1.35)

High demand 3.36 (1.45) 3.28 (1.63)

Participants reported having devoted the same amount of
mental effort to the task, regardless of the device used. Sur-
prisingly, no difference in intrinsic load was found relative
to the level of task demand though we expected that in-
trinsic load would increase with task difficulty (H3b is not
supported). Interestingly, we found a significant interac-
tion between the device and the task demand (B = 0.92,
SE = .28, p = .025) showing that tablet computer users
reported a significantly higher level of extraneous load
M = 3.74, SD = 1.76) than laptop users (M = 2.82,
SD = 1.36) but only for high-demanding tasks. A possible
explanation of these results may be that high-demanding
tasks made the seekers use more complex gestures such
as performing right clicks or zooming in and out. Because
tablet computer users were less familiar with these ges-
tures, they reported having devoted more mental effort in
the interaction with the device.

A Pearson’s correlational analysis was conducted to
examine the relationships between the different types of
load, for each level of task demand. Correlations for low-
demanding tasks indicated a positive relationship between
extraneous (EL) and intrinsic load (IL) (r = .592, p < .001).
Similarly, correlations for high-demanding tasks indicated
a positive relationship between EL and IL (r= .588, p = <
.001).

c) Objective measures of cognitive load. We suggested
that fixation duration might be a close proxy of intrinsic
load although ICA would reflect variations in extraneous
load. As expected (see Tables 8 and 9), we found a main
effect of task demand on fixation duration (B = —11.11,
SE = 3.93, p = .005) showing that high-demanding tasks
led to longer fixations (M = 172.84, SD = 25.41) than
low-demanding tasks (M = 162.82, SD = 20.26). No sig-
nificant effect was obtained for the device and no interac-
tion was found. We did not find any effect of task demand
nor the device on the ICA. A Pearson’s correlation analyses
revealed that there were no significant relationships be-
tween the eye-related data, regardless of the level of task
demand.

Discussion

Task performance.Taken together, these results suggest
that searching on a tablet computer required more ef-
fort with, for the very same task instructions, more web-
pages visited and more time spent to achieve a lower ef-
ficacy. Although we expected that tablet computer would
decrease pointing accuracy, no difference in the number
of left clicks was found between devices. This may be ex-
plained by the relative simplicity of the tasks being per-
formed, since the participants mainly had to click on hy-
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Table 8 m Linear mixed effects model summary for fixation duration and ICA

Parameters Estimates () SFE p AIC
Fixation Duration Intercept 169.75 3.73 <.001 2182.89
Device 5.65 5.07 .271
Task demand -11.11 3.93 .005
Device x task demand 2.74 5.42  .613
ICA Intercept 489 .013 <.001 1226.372
Device -.033 .017 .064
Task demand -.0015 .006 .819
Device x task demand -.010 .008 .250

Note. SE : Standard Errors; AIC: Akaike’s Information Criterion.

Table 9m Differences in means (SD) in fixation duration and ICA across conditions and level of task demand

Fixation Duration (milliseconds) ICA (system unit)
Laptop
Total 171.55 (23.55) 0.448 (.053)
Task demand  Low 166.35 (20.38) 0.444 (.052)
High 175.35 (25.01) 0.451 (.053)
Tablet PC
Total 165.02 (23.71) .0486 (0.57)
Task demand Low 158.94 (19.59) 0.487 (.055)
High 169.84 (25.67) 0.484 (5.92)
Low demand 162.82 (20.26) 0.463 (.058)
High demand 172.84 (25.41) 0.466 (0.58)

perlinks to navigate webpages. Nevertheless, it may also
show that users have integrated the basics of the touch-
screen interaction mode and that they are able to use the
left click effortlessly and with high accuracy. Conversely,
our results indicated that almost no right clicks were per-
formed on the tablet computer condition which is consis-
tent with the findings from the first study. This difference
could be attributed to the fact that the users did not know
how to perform a right click on a touchscreen (press and
hold). However, this extremely low number of clicks casts
some doubt on the validity of the measures collected and
the possibility of a measurement issue cannot be ruled out.
Subjective rating of cognitive load.The strong correla-
tions between IL and EL indicate that these items were
likely to measure the same construct rather than being im-
pacted by separate factors. Even though scales using a sin-
gle item for each type of load have been reported in the
literature (see De Jong, 2010), it may not allow users to dis-
tinguish between different types of load. Although, tablet
computer group reported having devoted more mental ef-
fort than laptop users which tends to support our main as-
sumptions.

Objective measures of cognitive load.The ICA was higher
in the tablet computer condition (M = 0.486, SD = .057)
than in the laptop condition (M = 0.448, SD = .053),

although this difference was just above the significance
threshold (B = —.033, SE = .017, p = 0.64). One may ar-
gue that this represents a rather small variation, but these
results are in line with previous findings (Matthews et al.,
2015; Schwalm et al., 2008; Debue & Van De Leemput, 2014)
that found similar ranges in ICA variations. Nevertheless,
it is possible that ICA failed to capture subtle variations in
perceptual load across devices and might be more suited to
discriminating between more dissimilar testing scenarios
such as doing simple cognitive tasks versus driving simula-
tions (Marshall, 2002). It has been recently demonstrated
that several mental workload levels can be discriminated
via electroencephalogram (EEG) (Tremmel et al., 2019).
Therefore, EEG measures should be considered to distin-
guish cognitive load across devices.

Similarly, the results showed that users had longer fixa-
tions while performing high demanding tasks, which could
reflect deeper information processing and thus, higher in-
trinsic load. However, due to methodological limitations,
this study did not account for the particular activities in-
volved during the information search tasks. Future studies
would benefit from investigating fixation duration for each
stage of the information search process (querying, compar-
ing results, keying information) to confirm or infirm these
preliminary results.
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Because cognitive load was measured with two differ-
ent methods, it is impossible to clearly confirm all of our
hypotheses. Nevertheless, the two measures of extrane-
ous load point towards the same conclusion, showing that
tablet computers required more mental effort (Hs, is sup-
ported). With regard to intrinsic load, fixation duration
and the self-reported measure showed the expected behav-
ior, while the latter was not significant (Hs, & H3;, are par-
tially supported).

General Discussion

Tablet computer use has been rapidly increasing in ed-
ucational settings over the last few years. Despite this
growth, very few evidence-based studies have investi-
gated whether students benefited from tablet computer
use when compared to traditional computers and laptops.
Though, previous research has shown that tablet comput-
ers might not be suited for every activity due to their
smaller screen size, the touchscreen interaction mode and
the onscreen keyboard. The present study sought to offer a
closer look at the impact of tablet computer use versus lap-
top use on the efficacy, efficiency and cognitive load when
performing a web-based search.

The most interesting finding was that in two separate
experiments, we found that laptop users outperformed
tablet computer users on task efficacy. As suggested by
the data of our second study, the drop in performance is
related to level of task difficulty. Search tasks that were
low-demanding and perceived as easy did not result in a
difference in performance. On the other hand, it seems
that when tasks are more demanding, the demand of the
task (intrinsic load) interferes with the extra resources de-
voted to the use of the tablet computer. Likewise, efficacy
results showed no difference across devices in time spent
on tasks or the number of webpages consulted for the low-
demanding tasks. On the contrary, tablet computer users
spent more time and visited more webpages when con-
ducting high-demanding tasks than laptop users.

It was assumed that since tablet computers feature
touchscreens, pointing would be less accurate and would
result in a higher number of left clicks. However, the cur-
rent undertaking did not find any difference in the num-
ber of left clicks. It might be concluded that tablet com-
puter users are now used to interact with simple gestures
effortlessly. On the other hand, data indicated that there
were far fewer right clicks on the tablet computer than on
the laptop. It may be because users did not know how to
perform this action on a touchscreen, showing that more
complex gestures are not yet widely mastered. A note of
caution is due here since we cannot rule out the possibility
of recording issues in the tablet computer condition.

As shown in the results, participants using the tablet

@ EIrgssMark

computer to seek information on Wikipedia reported hav-
ing devoted more mental resources in using the device (ex-
traneous load) than those on the laptop. Moreover, the
pupil-based index of cognitive activity (ICA) showed a sim-
ilar trend with higher values in the tablet computer con-
dition. This study provides some food for thought about
what physiological measures should be explored to iden-
tify objective proxies of specific cognitive load factors. In
this sense, it represents an attempt to identify objective in-
dicators of cognitive load subtypes, as suggested by Sweller
(2018). Though, these proxies remain specific to the partic-
ular context of information search on hypermedia.

As with any experimental research, this one has limi-
tations. First, the participants for this research were first-
year college students, a population in which one can ex-
pect to find both experienced tablet computer users and
those unfamiliar with the device. The results may differ
with a younger population who may be more familiar with
this technology due to earlier initial exposure (Margolin,
Driscoll, Toland, & Kegler, 2013). Second, our test scenar-
ios consisted of assigned fact-finding tasks on Wikipedia.
It is likely that ill-defined fact-finding tasks or broader
information-gathering tasks would make users set more
complex strategies that impose a higher burden on work-
ing memory. In this context, the impact tablet computers
have on performance may be exacerbated. Third, it must
be noted that, for technical reasons, a touchscreen laptop
was used to simulate the use of a tablet computer. Thus,
the screen size was similar in both experimental condi-
tions which affected the amount of information able to be
displayed. It is likely that if using 7” or a 10” tablet comput-
ers, participants would have scrolled more often to locate
information. Far from discrediting our research, this re-
inforces our findings and indicates that even with larger
screens (13”), touchscreen devices can be detrimental to
performance in online search. Nonetheless, our study
should be replicated using an actual commercial tablet
computer. Lastly, the artificial nature of a controlled lab
study limits the generalizability of the findings.

Unlike many other studies that focus more on user’s
perceptions of devices, this study makes a contribution to
the field of research by offering a comparative study of
the impact of device use on actual user performance. The
present research has shown that the device used to search
online can impact students’ performance. Regardless of
this it is undeniable that tablet computers, thanks to their
portability, usability, and interactivity have the potential to
be of great benefit in the world of education. Even so, they
might not be suited to every activity required in the class-
room and special care needs to be taken when introduc-
ing new technology into the school environment. Further
research should be conducted to investigate what are the
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drivers of students’ interest in using tablet computers for
scholastic purposes.
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