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Abstract—Digital tools have been developed to assess human
cognitive functioning. It is unknown to what degree users’
cognitive test performance is correlated with their perceived
usability and cognitive load induced by interaction with a tool.
Moreover, the similarity between user groups in terms of their
subjective usability and cognitive load has not been explored
adequately despite its potential importance in designing digital
cognitive assessment tools for people from diverse background.
This paper presents a study of two smartwatch-based cognitive
tests to assess participants’ attention and working memory.
NASA Task Load Index (NASA-TLX) and Mobile App Rating
Scale (MARS) questionnaires were used for cognitive load and
usability evaluations, respectively. Aesthetics, functionality, and
information quality and quantity were the metrics we selected
for usability evaluations. Pearson’s correlation analysis was
performed to investigate the associations and Ward’s clustering
method was applied for data visualization. Our results showed
that participants who received higher scores and longer scoring
streak rated functionality of the cognitive tests better. Moreover,
information quality and quantity of the tests were rated better
by the participants who received longer scoring streak indicating
the significant role of test instructions in gaining higher scores.
In addition, participants with lower temporal demand received
higher scores and faster mean response times. The key findings
from the clusters visualized in this paper are: (i) Female and
male participants rated their perceived usability and cognitive
load completely differently; (ii) A discrepancy was found between
participants’ perceived performance and their actual scores;
(iii) Participants from diverse background rated their perceived
usability and cognitive load different from each other.

Index Terms—cognition, cognitive load, usability, human fac-
tor, correlation, working memory, attention, clustering

I. BACKGROUND

USABILITY and cognitive load metrics are two major
constructs of human factors that have been studied in

many domains. The International Organisation for Standard-
isation (ISO 9241) [1] defines usability metrics as effective-
ness, efficiency, and satisfaction. A recent review investigated
the usability methods of mHealth applications and found
that approximately 50% of the studies (13 out of 27) used
questionnaires and evaluated psychometric factors including
attractiveness, learnability, operability, and understandability
of the applications [2]. Cognitive load is another crucial aspect

of human factors since excessive mental workload induced
by an application can lead to a negative impact on users’
learnability [3]–[5].

Cognitive functioning is a key aspect of human mental
health. An impairment in attention, memory, and executive
function can cause problems for individuals at their work
or school [6]. The tests for assessing cognitive function-
ing often put mental pressure on the users’ brain. Digi-
tal tools for cognitive assessment have been designed for
personal computers, tablets, and mobile devices. Examples
include Cambridge Neuropsychological Test Automated Bat-
tery (CANTAB) Mobile [7], the THINC- Integrated Tool
(THINC-it) [8], CogState [9], and the Internet-based Cognitive
Assessment Tool (ICAT) [10]. These tools provide remote
assessment of both healthy individuals and patients. Recently,
smartwatch-based tools have emerged that allow for ‘in-the-
wild’ assessments. Examples include the Cognition Kit [11] for
assessment of working memory and the Ubiquitous Cognitive
Assessment Tool (UbiCAT) [12] for assessment of alertness,
working memory, and executive function.

Overall, digital cognitive assessment tools have gained
momentum and are administered in a wide range of user
groups from diverse backgrounds. Although these tools have
shown promising feasibility, some issues are introduced by
them. First, usability may play a significant role in such tests
and it is essential to determine whether users are able to
take the tests properly via the user interfaces. Inability to
interact with a tool can potentially impact the assessment of
the users’ real cognitive functioning. Second, cognitive load
induced by digital cognitive assessment tools may similarly
impact the users taking the tests, which again may negatively
affect their test results. As such, usability and cognitive load
are the factors that might influence assessment of the users’
real cognitive functioning. Third, participants’ demographics
are often collected in surveys in which human factors such as
usability and mental workload are also assessed. Descriptive
statistics of participants’ demographics are often reported
while little attention is paid to the similarity or association be-
tween various participants in terms of their perceived usability



and cognitive load after taking cognitive tests. Investigating
the latter would tell about the design of a digital cognitive
assessment tool for users with a focus on their demographics.
In order to address these issues, this paper presents a study
of a digital cognitive assessment tool, and seeks to investigate
the following questions:

• What is the relationship between users’ subjective usabil-
ity and cognitive load metrics on the one hand, and their
objective cognitive test performance on the other?

• How does users’ demographic background (e.g., gender
and education) relate to how they rate usability and
cognitive load after taking a cognitive test with inherent
mental pressure?

Answering these questions will help design more reliable as
well as more usable digital cognitive assessment tools.

II. RELATED WORK

Table I gives an overview of related work. A study
identified the relationship between the usability of a website
and personal factors, Intelligence Quotient (IQ) and cognitive
abilities of students [13]. According to their finding, partici-
pants with higher IQ and Grade Point Average (GPA) rated
the learnability of a software higher. Another experiment with
students assessed the effect of system and user features on
perceived usability and ease of use of a Web-based learning
system [14]. The user features included subjective norm, self-
efficacy, and innovativeness in information technology and
system features involved computer playfulness, interface style,
and interactivity. Their findings showed that the effect of user
features was higher than system features on perceived usability
while the impact of system features was higher than user
features on the ease of use.

Van et al. conducted a study to find a relationship between
usability of an internet-based cognitive behavioural therapy
program for chronic pain and participants’ sociodemograph-
ics [15]. Their findings revealed that usability negatively
correlated with age and positively correlated with digital health
knowledge while no correlation was found between usability
and educational level. Some previous studies conducted with
System Usability Scale (SUS) questionnaire [16] showed no
impact of gender on their overall usability ratings [17]–[20].
Kortum and Oswald [21] evaluated usability of 14 frequently-
used products using the SUS questionnaire. Their findings
showed higher overall usability ratings in female participants
regarding Word and Amazon products while the rest of the
applications were rated higher by male participants. The
authors in [22] evaluated usability of mobile banking apps
and performed statistical analysis between users’ satisfaction
and their demographics. Their results showed that male partic-
ipants were more satisfied with the mobile apps. Furthermore,
participants at a Ph.D. level felt more content with the apps
compared to the individuals in Master’s and first-degree levels.

To our knowledge, none of the existing studies have ex-
plored the association between individuals’ cognitive test
performance delivered via a digital tool and their perceived
usability and cognitive load metrics. In addition, the role

Table (I) Main related works in perceived human factor
analysis showing the features used and details about the
studies.

Study Items measured Evaluated system Method
Karahoca et
al. [13]

IQ; GPA Web portal Software us-
ability mea-
surement in-
ventory

Ke et al. [14] User features:
subjective norm,
self-efficacy, and
innovativeness;
System features:
computer
playfulness,
interface style,
and interactivity

Web-based
learning system

Questionnaire
(5-point
Likert scale)

Van et al.
[15]

Demographics:
age, digital health
knowledge,
education level

Internet-based cog-
nitive behavioural
therapy

Num. of
completed
performance
tasks;
Num. of
encountered
problems

Kortum et al.
[21]

Usability;
Personality;
Demographics:
gender

Frequently-used
softwares/products

SUS

Mkpojiogu
et al. [22]

Usability;
Demographics:
age, gender,
education,
experience

Mobile banking
apps

Questionnaire
(9-point
Likert scale)

of users’ characteristics in usability and cognitive load as-
sessment studies have not been adequately explored during
cognitive assessment tests. The aforementioned gaps in the
literature motivated us in setting the following objectives for
the present work:

• To identify the correlation between individuals’ cognitive
test performance delivered via a digital tool and their
perceived usability

• To identify the correlation between individuals’ working
memory performance and their perceived cognitive load

• To investigate similarities between the perceived usability
and cognitive load measures of our study participants on
the basis of their demographics

III. METHODOLOGY

The study protocol was sent for approval at the Danish
Ethical Committee and was exempted from ethical approval
as it was not a clinical survey (Journal-nr.: H-19086232).
Participants were recruited on voluntary basis and an informed
consent form was signed by them prior to the study. The
participants’ age, education level, and industry were collected
as well as their cognitive test performance and subjective
usability and cognitive load. We used two smartwatch-based
apps of UbiCAT [12] and collected associated cognitive per-
formance data. The apps in UbiCAT are short, engaging, and
run on Fitbit Ionic smartwatches. This tool includes digital
versions of Two-Choice Reaction Time (2-CRT) [23] and



N-back [24] tests which we used in our study. Three test
performance measures including mean Response Time (RT),
number of correct responses, and longest scoring streak were
calculated by UbiCAT cognitive tests. Longest scoring streak
is the maximum number of stimuli to which participants
responded correctly without leaving any incorrect or missed
response in between. The tests were timed which means users
had limited time to respond to each test stimuli. It took
approximately two min per participant to take each of the 2-
CRT and 1-back tests. A snapshot of a study participant who
took a 2-CRT test is presented in Figure 1.

Figure (1) A snapshot of the 2-CRT test in UbiCAT

The experiments were performed in a silent room. Partici-
pants wore a Fitbit smartwatch on their non-dominant hand.
Each participant took the 2-CRT test for two consecutive trials
to achieve a reliable measure of alertness and 1-back for one
trial. Participants could check their scores at the end of a tests
session.

Each test was followed by a usability questionnaire (see
Appendix A). We selected seven questions from a validated us-
ability tool called Mobile App Rating Scale (MARS) question-
naire [25]. The factors considered for usability are aesthetics,
functionality, and information quantity and quality of the two
apps presenting standard 2-CRT and 1-back tests. Furthermore,
selected factors from the MARS questionnaire are inline with
the frequent measures evaluated for mHealth apps [2].

Participants additionally rated their perceived cognitive load
upon finishing the 1-back test in UbiCAT. It should be noted
that N-back is a valid cognitive test that not only measures
working memory but also have been utilized in several studies
in which cognitive load of the individuals were measured (for
example, [26]–[29]). NASA Task Load Index (NASA-TLX)
questionnaire [30] was used to measure perceived cognitive
load of the participants. We excluded a sub-scale of NASA-
TLX regarding physical effort as it was not relevant to our
study instrument. Hence, the sub-scales considered for the
present study are mental demand, temporal demand, overall
performance, effort, and frustration level.

Figure 2 illustrates the procedure of the first part of this
paper where correlation analysis significant at 95% level was
performed. In the second part, we applied Ward’s method [31]
as a hierarchical clustering technique to visualize participants’
perceived usability and cognitive load metrics based on their
demographics. The Ward’s method uses half-square euclidean

distance1 between participants as presented in Equation (1).
Finally, we grouped similarities of our study participants
by gender, education level, and work/study industry using
Equation (2). The Ward’s method provides several advantages
over other clustering algorithms: (i) There is no need to define
the number of clusters for the algorithm; (ii) It is easy to
implement; (iii) Dendrograms are useful in understanding the
similarities.

distance(ai, bi) =
1

2

k∑
i=1

(ai − bi)
2 (1)

similarity(C1,C4) = a·sim(C1,C2)+b·sim(C1,C3)−c·sim(C2,C3)

(2)

Figure (2) Schematic overview of the correlation analysis
performed in this paper

IV. RESULTS

In total, N=21 participants in Copenhagen, Denmark were
selected for this study. Table II provides a summary of
participant’s demographic characteristics and it can be noted
that there is a fairly balanced mix of gender (9-female, 12-
male), education, age (M = 26.9, SD = 5.98), industry, and
jobs among participants. Cognitive tests performance of the
study participants are reported in Table III, where 2-CRT
performance measures are calculated by averaging the values
obtained from two consecutive trials. Usability ratings of
the apps presenting 2-CRT and 1-back tests in UbiCAT are
shown in Figure 3. Mean and standard deviations of the
participants’ perceived cognitive load for each sub-scale are
depicted in Figure 4.

A. Correlation between Usability Metrics and Cognitive Test
Measures

Table IV and Table V show the correlation coefficients be-
tween the usability metrics and the test performance measures
for 2-CRT and 1-back tests, respectively. Strong correlation
coefficients were revealed between participants’ perceived
functionality and achieved scores and longest scoring streaks
in both 2-CRT and 1-back tests. It can be inferred that
participants who received higher scores and achieved longer
scoring streak rated functionality of the tests higher. In the 1-
back test, the participants who were faster in responding rated

1Euclidean distance is always greater than or equal to zero. Measurements
would be ≈ 0 for identical subjects and ≈ 1 for subjects that show less
similarity.



Table (II) Study demographics of our participants.

Variable Characteristics Nr. (%)
Gender Male 12 (57.14%)

Female 9 (42.86%)
Education Bachelor degree 6 (28.57%)

Master degree 8 (38.10%)
Ph.D. 7 (33.33%)

Age 19-30 17 (80.95%)
31-40 3 (14.29%)
> 40 1 (4.76%)
Mean ± SD 26.90 ± 5.98

Industry Design 4 (19.05%)
Research 4 (19.05%)
Computer Engineer 4 (19.05%)
Construction 1 (4.76%)
Education 1 (4.76%)
Energy Engineer 1 (4.76%)
Food Engineer 1 (4.76%)
Healthcare 3 (14.29%)
Research 4 (19.05%)
Water Engineer 2 (9.52%)

Job Student Assistant 3 (14.29%)
Bachelor Student 3 (14.29%)
Master Student 5 (23.80%)
Ph.D Student 4 (19.05%)
Postdoctoral Researchers 3 (14.29%)
Data Analyst 1 (4.76%)
Nurse 1 (4.76%)
Project Manager 1 (4.76%)

Table (III) Mean and standard deviations of the participants’
cognitive test performance during the choice reaction time and
1-back tests

Test Response time Correct responses Longest streak
2-CRT 773±107 39.57±0.60 36.5±5.34
1-Back 903±266 37.09±4.82 34±9.86

the functionality better. Participants’ longest scoring streak
also correlated significantly with their perceived information
quantity and quality.

B. Correlation between 1-Back Test Measures and Cognitive
Load Sub-scales

Correlation analysis was applied between the sub-scales of
NASA-TLX questionnaire, which was rated by the participants
and the performance measures of 1-back tests. Significant
correlation coefficients are reported as follows:

Mean RTs of the participants correlated moderately with
their temporal demand (r= 0.54, p= 0.011) and effort (r= 0.50,
p= 0.02). Number of correct responses correlated moderately
with temporal demand (r= −0.45, p= 0.04) and frustration
level (r= −0.47, p= 0.03). Similarly, the longest scoring streak
of the participants correlated with temporal demand (r= −0.55,
p= 0.009) and frustration level (r= −0.44, p= 0.04).

C. Correlation between Usability and Cognitive Load metrics

An analysis was performed between cognitive load and us-
ability metrics such that a significant coefficient was revealed
only between the ‘performance’ sub-scale of NASA-TLX
questionnaire and aesthetics of the 1-back test (r=−0.52, p=

Table (IV) Correlation Analysis for 2-CRT

Test Usability Metrics
Measure Aesthetics Functionally Information
Mean RT 0.00 -0.11 0.21

Correct responses 0.45∗ 0.63∗∗ 0.38
Longest streak 0.52∗ 0.63∗∗ 0.53∗

∗p<0.05
∗∗p<0.01

Table (V) Correlation Analysis for 1-back test

Test Usability Metrics
Measure Aesthetics Functionally Information
Mean RT -0.28 -0.66∗∗ -0.43

Correct responses 0.20 0.73∗∗∗ 0.42
Longest streak 0.30 0.75∗∗∗ 0.48∗

∗p<0.05
∗∗p<0.01
∗∗∗p<0.001

0.015). The rest of the usability and cognitive load metrics did
not correlate significantly with each other. Hence, the results
of this section did not inform much about the relationship
between usability and cognitive load metrics.

D. Clusters of Perceived Human Factors based on Partici-
pants’ Demographics

Figure 5 and Figure 6 represent the clusters of participants’
usability ratings in 2-CRT and 1-back tests split on the basis
of their gender. It can be observed from both figures that
female and male participants perceived the usability metrics
completely differently from each other. Female participants
rated aesthetics and information higher than functionality. On
the other hand, male participants valued functionality higher
than information and aesthetics of the apps.

We also illustrated clusters of participants’ perceived us-
ability on the basis of their education level to explore how
the participants from three education levels perceived the
usability metrics after they took 2-CRT and 1-back tests.
Figure 8 and Figure 9 show that the participants at Ph.D.
level were more strict in rating usability of both tests. Another
information inferred from these figures is that participants
who were studying in a Bachelor or Master program were
inconsistent in rating the usability metrics of the 2-CRT test
in contrast to their consistent rating scores during the 1-back
test.

Clusters of the participants’ work or study industry can be
seen in Figure 11 and Figure 12, showing that those whose
industries were education (N=1) and construction (N=1)
tended to rate the usability metrics lower than the others.
In contrast, participants who belong to the water engineering
industry (N=2) valued usability of the apps higher than the
others.

Participants’ cognitive load measures split by their gender
is illustrated in Figure 7, which shows that perceived cognitive
load of the male and female participants are completely dif-



Figure (3) Usability ratings by our study participants pre-
sented separately for each cognitive test

Figure (4) NASA-TLX - Sub-scales were rated by 5-point
Likert scale

ferent from each other. Figure 10 represents how participants
from various educational levels rated their cognitive load. As
can be seen, the average of perceived frustration and perfor-
mance were higher in participants at a Master’s level compared
to Bachelor’s and Ph.D.’s level. Participants at the Bachelor
level felt that their effort was high while those educating at a
Ph.D. and Master program felt the opposite. Individuals at the
Ph.D. level perceived higher temporal and mental demand in
contrast to the participants’ at the Master’s level. We noticed
that Master’s degree participants rated their performance lower
than the Bachelor and PhD level participants while Master’s
level scores in the 1-back test were actually higher than the
Ph.D.s and a bit lower than the Bachelor’s level participants.

Figure 13 shows that perceived mental effort of the par-
ticipants in the computer (N=4) and design (N=4) industries

were higher while the individuals who worked or studied in
industries including construction, energy, food, and education
perceived lower mental effort. Frustration and effort level were
rated higher in food and design industries in contrast to the
participant from the energy section. Temporal demand and
performance were rated higher by the participant from the
education section while the person in the construction industry
gave a low score to the aforementioned sub-scales of the
NASA-TLX questionnaire.

V. DISCUSSION

In this study, we showed that individuals’ objective cog-
nitive performance is correlated with some metrics of their
perceived usability and cognitive load. Moreover, the patterns
of similarities and dissimilarities in participants’ usability and
cognitive load ratings were observed from the hierarchical
clusters. Previous related work used questionnaires to evaluate
usability of their Web-based or mobile tools. In our study,
we also used a validated questionnaire including three key
metrics of perceived usability. None of the previous related
work investigated the associations between usability metrics
of a cognitive assessment tool and their participants’ cognitive
test results. Furthermore, we explored users’ perceived human
factors on the basis of their sociodemographics to understand
users’ behaviour and provide insights to future application
designer.

Participants’ perceived human factors were associated with
their cognitive performance measures. First, the significant
correlation coefficients found between the functionality of the
apps and participants’ accuracy (see Table IV and Table V)
indicate that users’ behaviour in rating the usability is related
to how they performed in the tests. The positive association
between the longest scoring streaks and information quality
and quantity shows that those who understood the instructions
of the test were better in keeping the scoring streak. Second,
the results reported in Section IV-B show an association
between working memory performance and some sub-scales
of perceived cognitive load. Higher perceived mental and time
pressure led to slower RTs in the 1-back. Moreover, there was a
moderate negative correlation between participants’ perceived
level of frustration and time pressure and both their scores
and longest streaks. Given that excessive mental load have
an adverse impact on learnability [3]–[5], it can be inferred
that participants’ frustration and stress level negatively affected
their performance in the 1-back test.

Participants who studied at three educational level rated
their cognitive load differently. A discrepancy was also found
between perceived performance and the actual test results
of the participants, indicating that participants were not able
to accurately quantify their own performance level. Thus,
studies that rely on users’ perceived cognitive performance
using subjective methods (e.g. self-reports) should consider
this discrepancy.

According to our findings in Section IV-C, only perceived
performance correlated with the aesthetics of the 1-back test. It
can be inferred that participants rated aesthetics of the 1-back



Figure (5) Clusters of participants’ gender (m=male, f=female) based on their perceived usability of the two-choice reaction
time test.

Figure (6) Clusters of participants’ gender (m=male, f=female) based on their perceived usability of the 1-back App.

Figure (7) Clusters of participants’ gender (m=male, f=female) based on their perceived cognitive load.



Figure (8) Clusters of participants’ education based on their perceived usability of the two-choice reaction time application.

Figure (9) Clusters of participants’ education based on their perceived usability of the 1-back application.

Figure (10) Clusters of participants’ higher education level based on their perceived cognitive load.



Figure (11) Clusters of participants’ education or work industry based on their perceived usability of the two-choice
reaction time application.

Figure (12) Clusters of participants’ education or work industry based on their perceived usability of the 1-back application.

Figure (13) Clusters of participants’ education or work industry based on their perceived cognitive load.



user interface inline with their perceived performance in the
1-back test while the rest of the factors did not correlate signif-
icantly with each other. A recent study showed that perceived
usability and cognitive load are two independent metrics in
the field of human-computer interaction [32]. As such, the
correlation between perceived performance and aesthetics may
not be sufficient enough to conclude any association between
usability and cognitive load metrics.

Analysis performed between participants’ perceived human
factors and their gender and work industry also gave new
insights. Female and male participants perceived the usability
metrics completely differently from each other. Such a contrast
shows that users’ satisfaction is related to their gender. More-
over, a lack of consistency in reported usability metrics of the
2-CRT test is noticeable in design (N=4), healthcare (N=3),
and food (N=1) industries. On the other hand, participants
were more or less consistent in rating the usability metrics of
the 1-back test. It can be inferred that user interface design of
the 1-back is more acceptable than 2-CRT.

Similar to the patterns observed in Figure 5 and Figure 6, the
cognitive load ratings among the male and female populations
as shown in Figure 7 are completely different from each other.
The perceived temporal demand in female participants was
higher than the rest of the NASA-TLX sub-scales. In contrast,
male participants rated their perceived temporal demand lower
than the rest of the sub-scales. As temporal demand points
to the pace of the app, the time limit to respond to a test
stimulus may adapt to the user’s gender to achieve a reliable
measure of working memory. We also investigated perceived
cognitive load of the participants from various industries in
Section IV-D. Taken together, different patterns of perceived
human factors highlight that user’s satisfaction and learnability
in an app are dependant on measures of sociodemographics
including gender and work or study industry. In addition,
adapting user interfaces to the user’s characteristics may
facilitate the interaction with cognitive tools to obtain reliable
cognitive performance measures.

VI. CONCLUSION

Objective cognitive test performance measures are associ-
ated with individuals’ key human factors including usability
and cognitive load metric, which were evaluated subjectively.
Moreover, clusters of individuals’ perceived usability metrics
and cognitive load sub-scales revealed patterns of similarities
and dissimilarities on the basis of their sociodemographics fea-
tures. Gender, education level, and work or study industry are
the factors that can distinguish users of the smartwatch-based
cognitive assessment tools when evaluating their perceived
usability and cognitive load metrics. The findings of this study
will inform the HCI and Health Informatics community about
the role of human factors in designing more usable cognitive
assessment technologies to achieve reliable measures of human
mental health.

A. Limitation

A common issue with empirical studies to assess cognition
is the challenge of recruiting a large number of participants.
We have faced the same challenge in our study. The analysis
performed in this study is based on a limited number of
participants. We could not recruit more participants for the
current study and we did not find patterns of subjective human
factors based on the age of individuals.

B. Future Work

In future work, we would like to continue with larger scale
studies, recruiting participants from different backgrounds and
for longer period. Patients who suffer from a mental illness,
for instance depression, can be the target population for future
studies. Furthermore, other cognitive domains and digital
cognitive assessment tools developed for other platforms can
be studied to extensively explore the characteristics of their
users. Finally, individuals from other work or study industries
may be included in future work to be able to generalize the
findings of this study. As such, a future exploration to use
other clustering methods would be required since determining
the correct number of clusters by the dendrograms would be
difficult when using the Ward method.
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APPENDIX

The selected questions from the Mobile Application Rat-
ing Scale can be found here: https://doi.org/10.5281/zenodo.
3364314
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