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Abstract—Cognitive Workload (CL) has been defined as the cognitive
processing amount needed by a user whilst using an application. CL can be seen
as being a primary task-based usability evaluation attribute in relation to mobile
applications. Typically, subjective measurements of the CL are taken at point
following completion of a task and so they are static. Since these methods are
static in nature, they are inappropriate for assessment of dynamic changes to the
cognitive loads through user interaction. Robust measurement pertaining to the
CL of a user is not a simple and trivial undertaking within real-time. Several
research studies aimed at assessing the CL of users through the use of various
subjective measurements, though it is often the case that those approaches are
unsuitable for use with real-life applications due to the high degree of
intrusiveness. Automated measurement is seen as being a field that is relatively
unexplored, particularly, if used in relation to the CL for mobile applications. The
COG tool (automated tool) is proposed in this paper in order to support the
interaction logging of the user for derivation of different CL metrics that are
based on secondary and primary tasks. Several strengths are provided by the
automated measurement of the CL, which fills the gaps of a static nature of its
non-objective and automated (subjective) counterpart. In this paper, -objective
CL metrics have been identified and used effectively. A total of 68 participants
was recruited for the experiment based on the use of an AAU mobile application
in relation to the performance of a task that is predefined without any interference
of a moderator or researcher. It is found to be proven from the proposed tool that
is able to fulfill the expected cognitive load monitoring functions amongst user
interaction, collection of cognitive metrics and the logging of different CL
metrics that could be analysed further.

Keywords—cognitive load theory, cognitive workload, mobile application,
automated tool

1 Introduction
Cognitive Workload (CL) became a component that is considered important because

of the observation that mobile device users are often multitasking whilst they use the
application; see, for example, [1] and [2]. That stood against the common assumption
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of different conventional usability studies by which users only perform a single task
with the ability of focusing their cognitive resources and attention exclusively on
completing this task. Alternatively, a powerful approach that is multi-factorial may be
employed [3]. That component stresses the importance of mentioning the effect the use
of the mobile device has on performance of additional and simultaneously performed
tasks. A user might, for instance, be walking or moving around whilst sending a text
message. In this case, the walking speed of the user may be slowed due to them being
concentrating upon sending the message. Based in this example, a lower walking speed
is considered a mild kind of negative impact [4]. In certain cases, however, such as
driving for instance, mobile use can have severely adverse impacts on parallel tasks.
The authors argue, therefore, that there might be a lowering of the mobile use impact
in order to minimise the adverse impact of mobile use on the primary tasks of the users.

2 Literature search

Cognitive work load was included in PACMAD model of usability the primary
contribution for investigating usability [3]. In the context of mobiles, the utilisation of
the application may be affected by the capability of users to operate the mobile
application and move around. As noted by [5], the mobility of users and the application
utilisation of users have to be taken into consideration whilst studying the usability of
amobile. The CL is identified as an attribute of the usability model, PACMAD, without
the mentioning of the low-level, related metrics which are representative of each of the
attributes. Consequently, it is a requirement that there is extension for low-level,
relative metrics to be included as well as attributes of usability. Furthermore, the
evaluator subjectively measures the CL once the secondary and primary tasks, that have
been assigned to the users within the environment of the mobile application have been
performed [6]. In particular, subjective types of measurement are taken at a single point
once a task has been completed and so they are static. Since these methods are static in
nature, they are not appropriate for assessment of the dynamic changes within CL
through the interaction of users. Based upon cognitive load theory, there are two load
cases [7]. The first of the cases mainly deals with extraneous load, i.e., demands that
the user interface have imposed. The second case can mainly deal with intrinsic load,
i.e. the demands that the task is placed through the cognitive resources of a user. The
relationship between cognitive demands hailing from a particular task and working
memory capacity are described by cognitive load theory [8].

2.1 Measurement of cognitive load

The relationship between cognitive demands hailing from a particular task and
working memory capacity, - is described by the CLT (cognitive load theory) [8]. It is
founded upon the idea that the cognitive capacity within a working memory has limits,
and if there is so much capacity required in a mental task, there will be hindering of
reasoning and knowledge acquisition [9]. The CL may be seen as being a theoretical
type of construct that describes internal kinds of information processes that may not be
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directly observed through user interaction. Various CL assessment methods are
currently available. However, this may be categorised into two approaches, which
comprise; objective or subjective and the linkage relation (indirect or direct) approaches
[10] (see Table 1). The relation dimension linkage categorises these approaches
according to the sort of relation of the phenomenon in which the measure observes and
the attribute that is actually of interest. The extent of the objectivity demonstrates
whether the method employs self-reported data, objective behavior observations or
subjective rating, performance or user interaction conditions.

Table 1. Assessment (indirect and direct)

Indirect Direct
L Mental effort (self-reported) Stress level (self-reported)
Subjective -
Difficulty (self-reported)
L Physiological measures Brain activity measures
Objective -
Behavioral measures Dual-task performance

As can be seen in Table 1, there is the existence of a clear, direct linkage between
the CL and its difficulty associated with the tasks that are being achieved, since that
difficulty results directly from the extraneous and intrinsic task load. Additionally, there
is the existence of a notable, indirect link between navigational errors and the CL,
resulting in the potential for frequent errors to be caused through a mental model for
the task environment that is incomplete, and that, in itself, can be due to a cognitive
load that is high [11]. Methods of CL assessments that involve performance upon
secondary tasks are known as dual-task techniques [12].

2.2 Dual task techniques

Dual Task Techniques (DTT) may be used within two differing approaches. The first
approach involves the addition of a secondary task to a primary one so that memory
load is induced [13]; [14]; [15]. The secondary cognitive load metrics relates to the
primary task performance, which ought to decrease with dual-task conditions when
compared with single task conditions, i.e., when there the primary task is solely made
available. The second approach involves the use of a secondary task for measuring the
memory load that a primary task induces [13]; [14]; [15]. If different memory load
amounts are induced by different primary task variants, there will be a corresponding
variance in the secondary task performance. Dual task types of technique enable on-
task, real-time data collection and are low cost. Instantaneous load is measured by the
DDT [16]; which is formally used for calculating the average values during the
performance of a task.

2.3 Cognitive load metrics

As mentioned previously, techniques of cognitive load assessments can be divided
into physiological, performance and subjective measures. These measurements are
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included within the performance measures are performance upon primary tasks and
performance related to secondary tasks, which are considered to be objective metrics
[17]. The performance measure is identified by [18] as a technique of the CL
assessment (accuracy, the task completion time, the number of errors during the task,
and the ratio of actual task completion time to ideal task completion time). According
to a study undertaken by [19], it is stated that metrics for usability evaluation include
performance measurements for task success, number of clicks and task completion
time, including subjective metrics for satisfaction [20]. Similarly, based on a study
conducted by [20], a task success is used in measuring whether tasks that could be
completed successfully by users. The time that elapsed from when the task had started
and completion is recorded in seconds, and is considered a system efficiency measure
[21]. The assessment of efficiency is also conducted based on the number of clicks that
users perform upon the website whilst completing a particular task. The count for
number of clicks refers to the time duration from the start of each task along to the
associated completion [22].

The CL relates to the mental effort that the user needs in order to perform a task
through use of the computer system. If there is a high cognitive workload then there is
a likeliness that the user experiences a degree of pressure and stress in the use of the
specific user interface in question [23]. If the degree of pressure and stress is at an
unacceptably high level, then there needs to be improvement to the user interface with
respect to the particular troublesome aspect. The objective cognitive load measurement
is also used with metrics including the number of times. Windows Help needs to be
accessed by the user, the time spent upon help and/or the user manual and the number
of unmatched task executions within the real world [21]. It is concluded from other
studies that the reaction time, i.e., that time interval between the request of a task and
the response of the subject, can be considered with a response delay leading to a
decreased rate of correct response [24]; [25]. The literature has shown that measures
for performance can be undertaken through low-level metrics, i.e. performance metrics
including task success, task completion time and number of touches [19]. Table 2
illustrates that the CLM yields from the literature with their representative references.

Table 2. Metric of cognitive load based upon DDT

CLM-DTT Representative references
Task success rate (TS) [19];[26];[27]
Number of errors (NOE) [28];[18];[1]
Task time (TT) [29];[19]; [30]
Number of touches (NOT) [29];[28]; [31]; [32]

Duration on help (DOH)

[335:[34]; [35]

Help visit count (HA)

[335:[36]; [37]

Total effort (EF)

391,[405;[39]

Reaction time (RT)

[
[19];[411;[42];[43];[44]

Based upon a review of measurements of cognitive load and the objective, low-level
metrics, the proposed metrics for cognitive load are shown in Table 3. This constitutes
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proposed logging of metrics of cognitive load (CLOG), which may be suitable for
measurement in a way that is automated through the logging of a user’s interaction.

Table 3. Metrics of cognitive workload

CLM Equations for metrics
th n n
TS f (Z succesSiqsr + () partialgccess * 0.5))/(2 tasks * Z users )
to 1 1
t1
NOE f Z E (TaSk Endtime — TaSk Slamime)
to
Taskn
TT f (TaSk Endtime — Task Slamime)
Task 1
Taskn
NOT f Z TH (TaSk Endtime — TaSk Slamime)
Task1l
un
DOH f Z Timestamp eng—start
ul
SE
HVC HVC(HAP) = Z NoV
55=0
t
TF 1/(t — t0) f (w1 X tch(t) + w2 X p(t))
to
RT TaskTime; (Secondary,esponse - Secondaryrequest)

Task success rate. The definition for task success utilises the success task sum
during experimentation as defined in the work of [19]; [26] and [27].
The user task success rate {1... n} is defined here can be seen in Formula 1:

Ot successigsr + T partialgccess * 0.5))/ (X tasks = Y, users) €))

Where success; . relates to number of successful and completed tasks that the user
does during time t0-tn. Furthermore, partials, ..ss is denoting for tasks that are
partially successful during the time interval.

The number of errors. The measurement for the Number of Errors (NOE) is
performed through the calculation of the total for various types of errors that happen
during task (T), whilst users (U) that interact with the mobile application, through the
computation of error numbers during the task time can be calculated through Formula
2:

U={userl...usern}

NOE(U.T) = [, ¥ E (Task Endtime - Task Starttime) )

Where E relates to the total number of errors that occurred or was encountered by
the wuser in task time t0-tn. Moreover, the task duration is returned
by Task Endtime - Task Starttime.
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The number of touches. The measurement of the Number of Touches (NOT) is
performed through the calculation of the touch event number upon the mobile gesture
whilst the task is being conducted. NOT is defined by for each of the users, U=
{userl...usern}, can be seen in Formula 3:

NOT(U) — fTaskn

Task1l

Y. TH (Task Endtime - Task Starttime) 3)

Where TH denotes the number of the motion event pertaining to the pointer over the
mobile gesture whilst tasks {Task1...Taskn} are being undertaken by each of the users
(U)= {userl...usern} who participate within the experiment.

The duration on help. The measurement of Duration on Help (DOH) is conducted
through the calculation of the time spent by users upon the assistance of a mobile
application in obtaining a solution to a problem related to their mobile application
interaction or obtaining an answer for queries. The calculations for the DOH for each
of the users, U= {userl...usern}, that participate within the task experiment (T) are
conducted as can be seen in Formula 4:

DOH(T) = f:;lnz TS ena-start (4)

Where TS denotes the timestamp for calculating the time spent in the mobile
application assistance and help page.

Help visit count. The Help Visit Count (HVC) refers to the total number of page-
views of the mobile application. For counting of the page-views, a filter is used that
intercepts all of the requests that arrive at the help page of the mobile application during
a particular time from SS (the session start of the user) and SE (the end of session), with
each request increasing the number for page-view by 1. Consequently, this can be
achieved when a session-listener is used between the SS (session-creation time) and SE
(session-destroy) can be seen in Formula 5:

HVC(HAP.U) = Y3E Nov (5)

Where NoV denotes the number of visits whilst task (T) is undertaken for each of
the users ui within the user set {ul...un}.

Total effort. The TF (total mental effort) is determined based on the use of the
continual functions as defined by [40] i.e., the physical activity that a person performs
in their attempt at accomplishing a particular goal. In practical terms, there is a
quantisation of those metrics through the conversion of the integrals into sums. With
the assumption that a task T has an interactive experiment starting at time t0, the total
effort spent at time t is defined can be seen in Formula 6:

TF(ti.ui) = 1/(t —t0) [, (W1 X tch(t) + w2 X pd(t)) (6)

Where tch(t) equates to the number of touches in which user ui has produced during
the interval of the task time t—t0. Further, pd(t) equates to the penalty distance factor
by measuring the distance among touches that the user has traversed whilst moving
through the touch calculated gesture, with the exclusion of the horizontal scrolling,
from point x0,y0 along to point x1,y1. At this point, the assumption represents w1 that
equates to w2 = 1.
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Reaction time. The Reaction Time (RT) is in reference to the amount of time that a
user takes in responding to a particular stimulus whilst using a mobile application [45].
Thus, a variable is created which holds up a time when a user has an event popping up
to them and the time that a touch reaction is shown by the user to that popped event,
with the time difference that lies between those two actions then calculated. For the
satisfaction of RT, OnTouchListener () is used so that the mobile application is enabled
to respond to the touch of the user. The RT is defined in the manner of the time delay
of the user, wgich responds to the particular stimulus can be seen in Formula 7:

RT = TaskTime; (Secondaryresponse - Secondaryrequest) (7

Where TaskTimei is determined by the subtraction method, which is identified by
[46] for the calculation of time between the occurring time for the event stimuli
(secondary request) and the time of responding to the stimuli (the secondary respond).

24 COG tool

This framework of cognitive assessment serves to automatically record interactions
between user and target mobile application; it is able to detect more of the objective
metrics of usability, though since this study scope is limited, solely cognitive load
measurement is offered here. There is an unobtrusive collection of data without the
working style of the user being impacted. Additionally, the evaluator or moderator is
not able to impact through the participants’ interactions. The process mainly comprises
time-stamped logs of user interactions and responses to the application. The objective
data by which the framework is collected from the mobile application that is used within
the study is to have a logged data form with a file for log data containing measurements
and metrics of cognitive load as identified within Tables 2 and 3. The log file is made
to have a sequential file form with each of the lines representing tracing of the numerical
data for user interactions for each of the particular participants, based upon the specific
given task. The framework for the COG tool is shown in Figure 1.

specify tasks/setup surve - Assist Tool

Mobile application developer
- _;———
g

UX Log Results

perform tasks

e v | —

! Task 1

| ACComp"Snlng .

Analyse Log File i I
H |

| ==

Analyze Metrics
Users

Logging service

Fig. 1. The Framework of the COG tool
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The logging of cognitive metrics. Within this particular phase, there is a preparation
for the mobile cognitive tool so that it is enabled to log the data required for the
evaluation of usability; the mobile application needs to be set up so that the necessary
information can be logged for the assessment of the cognitive load. Because mobile
platforms have heterogeneous, there is difficulty in finding a general API (application
programming interface) set that could be utilised in the performance of the logging
tasks. The development of Android applications requires a modification to the source
code through totaling up of API calls, which represents a recompilation of the source
code by using the SDK (a software development kit). The API has the function of
logging the interaction events of the user.

The design and preparation of the logged data. During the capture and design
phase, the necessary code should be added within the source code of the mobile
application so that measurement data logging is enabled. This assures to simplify the
task’s performance where an API set that is provided for Android listeners can
efficiently permit measuring the data so that it could be easily logged. Following that,
the collection of the metrics for the CL is achieved and the logged data is made ready
for being transferred to the logged metrics of the extraction phase.

3 The implementation of the proposed framework

The proposed framework for the COG tool contains common activities that are
applied within the AAU (host mobile application). Those common activities can be
described in ways based on the use of the host application and its associated evaluation
framework. The AAU refers to the Amman Arab University mobile application that is
Android-based, and which is under examination for the Amman Arab University
represents a development of the tool so that current staff and students of the university
can be provided with useful information. The COG tool instrumentation code has the
responsibility of being recognised when new tasks have commenced or when there is
completion of a particular task that under progress. Whenever the user has launched or
terminated the mobile application, it is detected by the tool. Further, the activity in
which a user interacts with is detected by the tool. In a length of time, a user remains in
an activity as represented by the time duration calculated in seconds and the page
number. Since each of the metrics of the cognitive load is detected by the COG tool as
noted above, it is able to collect and save logged data within the internal storage of the
mobile. A sample code instrumentation procedure is shown below in Table 4.
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Table 4. Samples of code instrumentation
API Description Instrumentation sample

User timing

The intent object
passes the application
information into the
user interface
assessment framework.
This is handled by the
OnClick() event
handler method in their
xml file.

Async function rum () {
performance.mark{"startTaskl")};
await doTaskl(); // Some developer
performance.mark( "endTaskl");

code

performance.mark("startTask2");
await doTask2(); // Some developer
performance.mark{ "endTask2");

code

S/ Log them out
const entries = performance.getEntriesByTypel "mark™);
for (const entry of entries) {
console.table(entry.tolSONC));
¥
¥

run();

Resource timing

Allows JavaScript
mechanisms to capture
all timing information
for mobile resources
that are navigated.

function resourceTiming()
{
var resourcelist = window.performance.getEntriesByType( " resource");
for (1 = @; 1 ¢ resourcelist.length; i++)
{

if (resourcelist[i].initiatorType == "img")

alert("End to end resource fetch: " +
(resourceList[i].responseEnd - resourcelist[i].startTime));

b
T

element.addEventListener ("click", & =» {
const component = getComponent(element);
fetch(component.url).then(() =» {

durations.

5 |Developing element.textContent = "Updated";

E; asynchronous callbacks const updateMark = performance.mark( "update_component™”, {
.4 |within Android detail: {component: component.namel},

8 |development. Listeners 1)

g |to implement the code performance.measure(“click_to_update_component™, {

E to run when a detail: {component: component.name},

L% performance event start: e.timeStamp, .

&~ |occurs end: updateMark.startTime,

1
1
i

. Developing an FExgosed=Nindow] o

e 3 interface to interface PerformancelongTaskTiming : PerformanceEntry {
g ;g the perfornlance readonly attribute FrozenArray<TaskAttributionTiming:
) 2|timeline which extends attribution;
E = |start time and [Default] object toJSON();

1i
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° [Exposed=Window]
E To plan tasks for later interface TaskAttributionTiming : PerformanceEntry
o)
% executions in a thread, readonly attribute DOMString containerType;
;D create background readonly attribute DOMString containerSrcs
E threads. Tasks can be readonly attribute DOMStrin containerId;
‘= |run once at random or readonly attribute DOMStrin containeriame;
) .
% |at regular intervals. [Default] cbject toJSON ();
=

I3

4 Empirical study

4.1  Participants and design

Within this research, a quantitative methodology has been applied within the stage
of data collection. Since this is a research study that is experimental in nature,
observations are undertaken during the UX test so that data can be collected for the
measurement of cognitive load metrics. The automated tool of cognitive workload
measurement is hosted within the AAU’s mobile application (student mobile
application) that has been particularly developed for this research as a context that is
executable for the automated tool of cognitive load. This execution is performed to
provide information regarding e-learning, including chatting through course groups,
search of courses, university news and study plans, in addition to other features that
lecturers and students that are made available to them. The analysis of the data aims at
discovering the cognitive workload metrics in which the automated tool is measured
from the mobile application of students. Before implementing the cognitive evaluation,
a development of the testing scenario is conducted in order to fit the metrics that are
identified within the review of the literature. The participants have to log in, however,
by using his (her) personal ID for their university email; as such, there is no requirement
for registration. During the process of the experiment, the request will be made
available to participants so that they can appropriately achieve the entire tasks that are
given within a particular scenario. Moreover, the interaction of users will be monitored
by the automated tool by the logging of participants in practice and relevant analysis.
The participants were invited by WhatsApp groups to participate in the experiment by
downloading the AAU mobile app from Google Play or the App Store and they were
instructed on the required steps to performs the experiment tasks. The task instructions
were as follow: participants have to log in, however, using her or his ID for their
university email; as such, there is no requirement for registration. During the
experiment, participants have been requested to achieve all of the tasks that are given
within the scenario appropriately. The experiment tasks involve Five tasks as follow:
browse the current courses schedule, send a message to any enrolled course groups,
view the academic schedule for the current semester of 2021-2022 as a PDF file, take
screen shot for the latest training offered by university and respond to the notification
message appeared during the experiment.
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4.2  The experimental analysis, design and evaluation

There was a creation of five sub-tasks so that full interaction was allowed with the
mobile application. Within the experiment test, participants were asked to achieve five
tasks by the researcher. Firstly, the experiment starts with a brief description of the
study by the experimenter, participants have to read a form for informed consent which
the experimenter then collects from them. Secondly, the installation instruction is
facilitated by the experimenter, and participants are asked to complete the form of
registration on the application page. Then, the participants read instructions regarding
the performance of the tasks. The participants had identical tasks, and following that
practice run, an inquiry was made by the experimenter to ensure participants were
comfortable and whether they had any questions. Following confirmation that the
participants understood the task fully, they could then continue to start the experimental
stage of the study. Lastly, once the tasks had been completed by participants, the
researcher asked them to log out from the mobile application.

Within the experiment, the cognitive load was tested through examination of the
sensitivity for each of the eight common cognitive metrics, i.e., TT, TS, NOE, DOH,
NOT, TF, RT and HVC, to another secondary task. The participants with 10S or
Android mobile phones available to them are able to undertake tasks without settings
being adjusted further. A logging of each of the experimental sessions through the use
of the automated COG tool is performed. The user interaction is recorded by the tool in
a log file, and all of the metrics action is activated upon commencement of the task by
the user. Once there is communication of the task to participants by the moderator, no
constraints are placed for users within the session. Conditions are established, so that
participants are provided within an environment that was conducive for evaluation of
the test. There was creation of five sub-tasks so that full interaction was allowed with
the mobile application. Within the experiment test, participants were asked to achieve
five tasks by the researcher. Last, once the tasks are completed by participants, the
researcher is likely to ask them to logout from their mobile application so that bias
could be avoided, and the task given to the participants can be undertaken individually
without any assistance to minise any effects based on the judgements and interaction
of users. The performance of additional tasks by users whilst the mobile application
was being used was permitted, such as walking. For that ground, it is significant to take
into account the impact that simultanecous use of the mobile application possesses
through the performance of users whilst functioning those extra tasks.

4.3  Materials and the procedure

The materials related to the tasks comprised a series of steps that had to be followed
in the experiment. No type of subjective questionnaire is involved in measuring
cognitive load for the task. The design of the task for the experiment managed to present
participants with a complete scenario for registration in the mobile application through
the student ID, the marks for the enrolled semesters for the inquiry student, view of the
student plan analysis, the changing of his or her mobile number, the viewing of the
academic calendar, the sending of a public message for the enrolled course group, and
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the reading of a notification received from the administrator for the dashboard of the
mobile application. There is logging of the collected data into a log file following
launch of the application by the participant. Instructions are given to participants for
following the steps for the task given and for responding to any message encountered
without having the experiment moderators provide any assistance. The reaction times
of the students are recorded by the mobile application (the RTs, were recorded in
milliseconds for later conversion into seconds), whilst the task time is measured in
seconds. The recording and logging of other metrics was based upon given computation
counters and computation formula as mentioned in Table 2.

5 Results

There is a total of 68 participants in the study (19 academic staff and 49 students).
In particular, there are 30 females and 38 males within ages ranging from 18 years old
and up to 54 years old. For each participant, cognitive load measurements begin to be
taken once participants log onto the mobile application where measurements are taken
for all eight metrics of the cognitive load, i.e., TT, TSR, NOT, NOE, HVC, RT, TF and
DOH. The characteristic information for the participants are comprised as follows.
There are 68 participants in total who are involved in the experiment (38 male
participants and 30 female participants). Most of the participants are within the ages of
18-26. According to proficiency of using mobile devices, 14.7% (n=10) were advances
users, whilst 51.5% (n=35) of participants were intermediate level users. It is found that
most participants who use smart phone devices for a duration of two to six hours
represent 83%. Participants’ characteristics for the participants are summarised in Table
5.

Table 5. Participants’ characteristics

Characteristics Participants N (%)
Male 38 55.9%

Gender
Female 30 44.1%
18-26 year 41 60.3%
27-35 year 12 17.6%

Age
36-44 year 10 14.7%
Above 44 5 7.4%
Beginner 23 33.8%
Proficiency level Intermediate 35 51.5%
Advanced 10 14.7%
Less than 1 hour 0 0%

) ) 1-2 hours 9 13. %2
Daily dura'tlon use of smart -4 hours 27 39.7%
phone devices

4-6 hours 29 42.6%
More than 6 hours 8 11.8%
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Once the participants were well-informed over the scenario of the tasks and the steps
to be taken, they were invited to undertake the particular tasks within the experiment.
Participants were informed that their tasks would be completed on an individual basis
without any assistance from the moderator or supervisor and without interference to
ensure that the data for user interaction would not be biased. The results that were
generated from the log file of the COG tool following the processing of the raw data of
the experiment, and its analysis, are summarized within Table 6 below.

Table 6. Results of cognitive load measurement

N=68 (TS) (IT) | (NOE) | (NOT) | (HVC) | (DOH) | (RT) (TF)
Metric unit Percentage | Seconds Error ) Touches | - Visit Seconds | Seconds | Percentage
counter | counter | counter

Average 83.78% 176.94 1.08 38.51 1.29 30.81 4.34 23.53%
Min - 72 0 19 0 0 1.15 11.41%
Max - 353 3 74 4 91 9.45 47.13%
Around average of] 12 9 7 26 o 12 o
(N.%) © L a7.6%) | (132%) | (10.3%) | 383%) |2 T3] (17.60%) | 14 (20-6%)
Below average of ) 26 26 20 13 25 12 19 (27.9%)
(N,%) (38.3%) | (38.3%) | (29.4%) | (19.1%) | (36.7%) | (17.6%) 77
Above average of 30 33 41 29 o 44 o
(N.%) T @41%) | (48.5%) | (60.3%) | @2.6%) |28 G070 (64.80) |33 B1-570)
Total of ) 68 68 68 68 68 68 68 (100%)
participants (N) (100%) | (100%) | (100%) | (100%) | (100%) | (100%) °

Firstly, TS (task success rate) equates to the rate at which participants could
successfully achieve tasks in accordance with a predefined navigation page through the
mobile activities and pages. A total of 83.78% of participants (n=57) correctly
completed the task since they navigated the path properly. It was considered that a task
had been completed when the task was ended by the participants by logging out from
the account of the mobile application. The computation of the TT represents the time
that elapses from the beginning of the task till its end, and this is calculated in seconds.
The average task time TT came to 176.94 seconds. NOE counted the occurrence of
error whilst the task was being done, and the average for NOE was equal to one error.
A total of 13.2 % (n=9) of participants had around the number of error average in
committing one error whilst doing the experiment. The average for NOT (number of
touches) was around 38 touches for each task. A total of 10.3% (n=7) of the participants
made 40 touches in completing the task. The results also showed that average number
for the help visit counter came to 1.29; this could be rounded down to 1 since that was
an average that was reasonable in representing the frequency of visits for assistance or
help in completion of the task. A total of 42.6% of the participants exceeds the average
for visits when scoring more than one visit per task.

As mentioned above, the participants are allowed within the experiment to go to a
help page so that unsupervised assistance could be obtained for completion of a task if
an issue was encountered by them whilst the task was being done. The average DOH
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(duration on help) was 30.81 secs, the minimum score being 0 and the maximum for
DOH being 91 seconds. Most of the participants, i.e., 56%, consumed over the average
for time spent on help. The result shows that the maximum time logged in reference to
RT stood at 9.45 secs, whilst the minimum time logged was 1.15 secs and the RT
average was 4.34 secs. With a 1.15 second for minimum RT, there is an indication that
some users have quick reactions and, therefore, had not required a substantial degree of
mental workload processing. Indeed, 64.8% of participants (n=44) reacted lately, with
an RT time that was above average, and 17.6% of participants (n=12) spending a time
that was below average. Finally, the estimation of the total effort by the participants
was also measured in terms of a percentage. The TF average for the experiment was
measured as 23.53%, with a maximum TF of 47.13% and minimum TF of 11.41%. A
total of 51.5% of participants (n=35) required over the TF average whilst 27.9 % of
participants (n=19) required a level of effort that was below TF average.

According to the results shown above, the productivity of the participants may be
measured as (Symonds, 2011) defined. As such, the productive period can be measured
by the equation that follows:

Unproductive time (UT)= DOH + RT 5.1
Productive time (PT)= TT-UT (5.2)
Productivity = (PT/TT) *100% 5.3)

Metrics Average

TT 176.49 seconds
PT 141.34 seconds
UT 35.15 seconds
Productivity 80.1%

The estimated productivity average amongst the participants during the experiment
was equal to 80.1% indicating slack time for the duration of the help visit and the time
required for reacting to error, the hints, warnings and error messages whilst the
experiments were being conducted.

The research objective within this study has been to conduct an evaluation of
cognitive load measurement in user interactions with mobile applications through the
use of an automated cognitive tool. The proposed tool could fulfil the functions
expected for the monitoring of cognitive load amongst user interactions, with collection
of cognitive metrics and the logging of metrics for use in further analysis. There was
establishment of user interaction monitoring based upon the mobile application being
synchronized with the automated tool in order to allow monitoring of the users whilst
they were interacting with the selected mobile application. The objective of the
monitoring process is to compute the metrics for cognitive loads and their collection in
the form of numerical values (counters, time and percentages) to be stored with the
buffer of the mobile device and to be transferred to a locally stored log file within the
memory of the mobile device. In the log file context, the logged data includes; TT, TS,
NOE, NOT, DOH, HVC, TF and RT.
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6 Conclusion and discussion

This research paper has provided a number of insights into progress that is currently
being made for automation of human-mobile applications through use of automated
tools for metrics of interaction to serve as measures for the cognitive load metrics that
humans’ experience. The data for average cognitive load has been summarised based
on the results for each of the metrics by considering all users. In alignment of the study
conducted by [47] and [39], positive relationships are observed for tasks with highest
effort for cognitive load with those assigned for the following categories: for highest
task time [48]; [27], the number of touches [32] error rate [1], count of help visit [36];
[37], reaction time [48]; [44] and duration on help [34]. Firstly, the tool is able to
support researchers within human-computer interactions in having a framework that
automates cognitive load measurement metrics with mobile applications. Second, data
acquired from experiments for measuring cognitive load for different users offers
information regarding associated total effort for each for each of them. It can serve as
an initial framework in the evaluation over time of their cognitive performance,
associating them to cognitive measurements. The tool is able to support researchers of
human—computer interactions in having a tool framework capable of collecting the
sorts of cognitive metrics for mobile applications [49];[50]. The data acquired through
the experiment for analysing cognitive load for assigned tasks gives information to
researchers regarding the total related effort for each of them. It serves as starting
framework for evaluation of the performance over time, enabling mapping with
cognitive difficulties. It is found to be estimated from the obtained results that the
automated tool of the COG could fulfil the metrics expected for the measurement of
users’ interaction within the cognitive load measurement context, with the collection of
the metrics for user workload and their logging for later analysis. The proposed tool by
this research implies user experience designers, usability evaluators, and the human-
computer interaction (HCI) research domain. This work support researcher in HCI in
having a tool framework capable of collecting the sorts of cognitive metrics for mobile
applications. The focus of the future research is to further enhance the experiment with
a metrics’ formula that is more tuned along with better mathematical formations [51];
[52], by classifying them into types and cognitive load categories[21], and through
increasing the task set to be performed and the number of the population.
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