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Summary
In this thesis, we have shown the feasibility of using eye-tracking to detect mental
fatigue during typing using gaze control. Mental fatigue is an emerging problem
in the working population, with work transforming from physically to cognitively
challenging, as well as in people with neurological disorders, as fatigue affects their
communication via augmented systems. The communication system often utilizes
gaze-tracking, on account of the people with neurological disorders having disabilities,
resulting in loss of control of muscles, including the muscles for speech. Eye-tracking,
which can now be implemented using just a camera, is becoming ubiquitous.

Detection of mental fatigue is the first step towards fatigue management and
health monitoring. Eye-tracking allows the recording of various characteristics of
the eye movements and pupils, which are affected by the cognitive state of a person,
including mental fatigue.

First, we collected first- and second-hand qualitative data on the experience of
fatigue with people with neurological disorders and special education teachers, re-
spectively. Based on this data, we reached the goal of the thesis – to investigate
mental fatigue. Next, we researched the literature for the eye-based metrics most
useful in the detection of mental fatigue. Using these features, we predicted mental
fatigue on a continuous scale, with an accuracy 20% higher than baseline. We also dis-
covered posture to be an important feature for the prediction of mental fatigue. This
was corroborated by the special education teachers, who observed posture changes as
an effect of fatigue.

Finally, we determined a novel method of mental fatigue detection, based on
natural eye movement – smooth-pursuit, generated by following an object with the
eyes, implemented using an eye-typing task on a tablet. We concluded that mental
fatigue was influenced by expending time and effort on a task, but was not influenced
by the time of day.

Mental fatigue prediction can be a potential application included in the augmented
communication systems, to indicate the fatigue level of the users, as well as in the
computers or phones, to reflect the fatigue level of the population without disability.
In summary, this PhD thesis showed that mental fatigue detection and prediction is
feasible using eye-tracking data during eye-typing using an eye-tracker in communi-
cation systems or a camera from a tablet.
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Resumé (Danish)
I denne afhandling har vi påvist muligheden for at kunne detektere mental træthed
under skrivning med øjenstyring. Mental træthed er et voksende problem på arbejds-
pladser, idet arbejde overgår fra at være fysisk belastende til at være mentalt anstræn-
gende. Mennesker med neurologiske lidelser er særligt udfordret af mental træthed,
som bl.a. påvirker deres evner til at bruge informations- og kommunikations- teknologi
(IKT). Kommunikationssystemer til mennesker med handicaps, der påvirker deres
kontrol af muskler og tale, anvender i stigende grad øjenstyring (engelsk eye-tracking)
på deres computer.

Registrering af mental træthed er det første skridt mod en forebyggelse af mental
udmattelse og kan blive en vigtig brik i monitoreringen af mental helse. Øjenstyring
muliggør registrering af karakteristika ved øjenbevægelser og af pupil-ændringer, der
alle påvirkes af brugerens kognitive tilstand, herunder den mentale træthed.

Indledningsvis indsamlede vi kvalitative data om oplevelsen af træthed hos men-
nesker med neurologiske lidelser og hos specialundervisere der bruger IKT. På dette
grundlag blev formålet med afhandlingen fastlagt - at undersøge mental træthed.
Dernæst afdækkede vi tidligere forskningsresultater vedrørende de øjenbaserede målin-
ger, som hidtil har vist sig mest nøjagtige til påvisning af mental træthed. Ved anven-
delse af disse målemetoder var det muligt for os at forudsige den selv-rapporterede
mentale træthed hos forsøgspersoner, som skrev med øjnene, med en nøjagtighed 20%
højere end baseline. Vi identificerede ændringer af kropsholdningen, registreret med
øjekameraet, som en væsentlig information til forudsigelse af mental træthed. Dette
blev bekræftet af specialunderviserne, der også bemærkede ændringer i deres klienters
kropsholdning som en effekt af træthed.

Endelig bestemte vi en ny metode til måling af mental træthed, baseret på de
naturlige øjenbevægelser når man følger et objekt i bevægelse med øjnene (engelsk
smooth-pursuit) ved skrivning med øjnene på en almindelig tablet. Vi fandt, at
mental træthed var påvirket af den tid der blev anvendt på opgaven og opgavens
sværhedsgrad, men ikke af tidspunktet på dagen.

Øjenstyring bliver sandsynligvis alment udbredt, da det kan implementeres med
det kamera som sidder i mobiltelefoner, tablets m.m. Øje-baseret måling af mental
træthed kan derfor både blive en potentiel applikation i IKT-systemer til løbende
måling af træthedsniveauet hos brugerne med handicaps, men også finde anvendelse
for en bredere gruppe, der har behov for at monitorere deres træthedsniveau. Denne
Phd-afhandling viser sammenfattende, at måling og forudsigelse af mental træthed
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fra øjedata under skrivning med øjenstyring er muligt med den kamerateknologi der
anvendes i IKT-systemer og med kameraet i en tablet.



Preface
This Ph.D. thesis is presented at the Department of Technology, Management and
Economics at the Technical University of Denmark in fulfillment of the requirements
for acquiring a Ph.D. degree in Fatigue Assessment using Eye-tracking for People with
Special Needs. The thesis was conducted under the supervision of Professor John
Paulin Hansen, Associate Professor Per Bækgaard and Associate Professor Sadasi-
van Puthusserypady, and includes 5 published scientific articles, 2 scientific articles
accepted and in the publication process, and 1 scientific article in submission.

The thesis deals with investigation of mental fatigue using eye-tracking for people
with neurological disorders. It covers qualitative experience of mental fatigue via
questionnaires, focus groups and interview, extensive literature search on the mental
fatigue studies and two experiments with able-bodied population on eye-typing with
simultaneous mental fatigue incidence, from which mental fatigue was detected using
eye-based features, via classical and inferential statistical methods.

Kongens Lyngby, March 31, 2021

Tanya Bafna
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CHAPTER1
Introduction

1.1 Project description
People diagnosed with amyotrophic lateral sclerosis (ALS), muscular dystrophy, and
cerebral palsy (CP) can experience motor disabilities, causing a loss of control over
voluntary motor functions, including speech [18]. They often utilize augmentative
and alternative communication (AAC) devices, to augment or replace their speech.
Many of them are able to control their eye movements and can use gaze to control
the communication device [18, 122].

Fatigue can be a disabling symptom for people with motor disabilities. Mental
fatigue, triggered by stress more than physical activities, can affect the ability to
concentrate on tasks such as reading [63] and communication using the AAC [81].
We met with special education teachers in Denmark to find out more about the
fatigue experienced by their clients – people using eye-tracking-based communication
systems. We found that mental fatigue is a fundamental problem affecting their daily
lives in different ways. The main causes of fatigue were revealed to be performing a
task for a short duration, learning a new technology or activity and fatigue observed
at certain times of day, requiring a short rest from the ongoing task or even sleep.
The fatigue was not always recognized by the client or their helpers, and sometimes
led to frustration.

The goal of this PhD project was to detect mental fatigue and combine it with the
existing infrastructure of people with motor disabilities -– eye-tracking. We defined
mental fatigue as a subjective feeling associated with a reduction in mental resources
due to sustained cognitive effort over time.

First, we reviewed the eye-based metrics commonly used to detect mental fatigue
in the literature. Using a systematic review of studies published between 1900 and
2019 in five databases, we evaluated the relationship between mental fatigue and
eye-based metrics. We reported our findings using the Preferred Reporting Items
for Systematic reviews and Meta-Analysis (PRISMA) method. We also generated
criteria to assess the quality of the studies and identified the papers, and thereby the
eye-based metrics, that were more sensitive to mental fatigue than sleepiness.

Using some of the eye-based metrics learned during the literature review and an
eye-typing experiment using an on-screen keyboard and an eye-tracker, we analyzed
the relationship between mental fatigue, cognitive load, and eye-based metrics using
statistical modeling. We used inferential statistical models to make predictions of
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the subjective fatigue level using eye-based features, and supported and explained
the findings with descriptive statistical models. We also discovered a posture-based
metric, quantified it using eye movement data, and used it in the mental fatigue
model.

Now that we established that mental fatigue could be measured using eye-based
metrics during an eye-interactive task, we tested the system with the target popula-
tion – people with motor disabilities. We encountered some challenges during this –
introduction of a new eye-tracking system in a customized organization of wheelchair
with the communication system was complicated and calibration of an eye-tracker
by a person with motor disability could have challenges during involuntary spastic
movements.

To allow flexibility for use with people with motor disabilities, we created a mo-
bile calibration-free mental fatigue detection system. Using calibration-free smooth-
pursuit eye movement-based eye-typing application on an iPad and wearable eye-
tracking glasses, we tested the effect of time of day and time spent on the task on
mental fatigue. We analyzed the effect of mental fatigue on the smooth-pursuit eye
movements using statistical models.

1.2 An overview of the thesis
Starting with the brief overview of the project in this chapter, the dissertation pro-
ceeds with the motivation of the project in chapter 2, including a description of a
focus group to gather data on the problems experienced by people with special needs
and observations recorded during visits to people with motor disabilities. We also
introduce the basis of using eye-typing throughout the project. Chapter 3 provides
a background on the two main topics covered in the thesis – mental fatigue and
gaze tracking. Chapter 4 presents results on cognitive load detection using eye-based
metrics during a working memory paradigm during eye-typing. Chapter 5 summa-
rizes the eye-based features used in the literature to detect mental fatigue, and the
prospect of the features in various laboratory conditions and real-life activities that
induce mental fatigue. Chapter 6 presents results on mental fatigue prediction, using
eye-based and behavioral features during an eye-typing task. Chapter 7 presents the
feasibility of a novel method of mental fatigue detection, based on the natural eye
movements of smooth-pursuit, using a tablet.

1.3 Contributions of the thesis
The thesis contributes to theoretical and empirical work in the following ways:

1. It contributes to the theoretical knowledge of the impact of mental fatigue
on people with motor disabilities and using AAC systems for communication.
(Chapter 2)
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2. It identifies eye-based metrics sensitive to mental fatigue and generates quality
assessment criteria for researchers to consider when performing an experiment
to measure mental fatigue. (Chapter 5; Paper 1 – Appendix B.1)

3. It exhibits cognitive load measurement using eye-based features on an eye-typing
task. (Chapter 3; Conference Paper 1 – Appendix C.1)

4. It demonstrates the feasibility of measuring mental fatigue on a continuous
scale using eye-based features during an eye-typing task. (Chapter 6; Paper 2
– Appendix B.2)

5. It discovers that the behavioral pattern related to the sitting posture is indica-
tive of mental fatigue. (Chapter 6; Paper 2 – Appendix B.2)

6. It shows the feasibility of using natural eye movements in the detection of mental
fatigue. (Chapter 7; Paper 3 – Appendix B.3)



4



CHAPTER2
Motivation

2.1 Second-hand experience of fatigue
Special education teachers are trained for the education of children and youth who
have motor and/or mental disabilities. Many of the special education teachers also
assist their clients (their students) with the technology required for communication
(AAC) and locomotion (wheelchair). The author has been in contact with a special
education teacher who introduced the author to the problem of fatigue in people with
disabilities. To investigate this problem further, we were invited to a local conference
on special education.

Using questionnaires and focus groups, we investigated the role of fatigue in the
lives of people with motor disabilities. In this chapter, we present the findings of
the questionnaire responses and the focus groups. The participants signed a consent
form, giving us permission to use the responses from the questionnaires as well as
their contribution to the focus group.

2.1.1 Questionnaire
Fifteen participants with the following occupations – special education teacher (11),
speech and language therapist (3), and consultant for AAC devices (1) – filled out
the questionnaire. For the rest of this chapter, we call them specialists for an easier
understanding. Among them, they were involved in the education and assistance
of people with cerebral palsy (CP), amyotrophic lateral sclerosis (ALS), multiple
sclerosis (MS), muscular dystrophy (MD), brain damage, and multiple disabilities.

They were asked to fill out a series of questions with increasing details about
fatigue and different types of fatigue experienced by their clients. A copy of the
questionnaire used is provided in Appendix A.1. We have summarized the questions
and divided them into 2 categories – types of fatigue and effects of fatigue.

Types of fatigue The first part of the questionnaire was designed to determine
the type of fatigue that affected the daily lives of people with motor disabilities. We
explained that mental fatigue signified fatigue in the mind, physical fatigue signified
fatigue in the muscles, sleepiness was used for daytime sleepiness and eye fatigue
denoted tired eyes. From the 15 specialists, 13 disclosed that mental fatigue had an
impact on their clients, 10 were certain that physical fatigue had an effect, 12 said
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Figure 2.1: Responses of the special education teachers to the question: To what
degree do fatigue and sleepiness affect the daily lives of people with motor
disabilities – not at all (0), slightly (1), moderately (2), very much (3)
or extremely (4).

that their clients were affected by sleepiness and 10 said that eye fatigue had an effect
on their clients. The next question was based on the magnitude of impact different
types of fatigue had. The specialists were asked to rate on a scale from 0 (not at
all) to 4 (extremely) – To what degree do the physical fatigue/mental fatigue/sleepi-
ness/eye fatigue affect their clients’ daily lives. The response is depicted in Figure
2.1. Altogether, mental fatigue, physical fatigue, and sleepiness impacted the lives
of people with motor disabilities between ‘moderately’ to ‘very much’, with ratings
between 2 and 3. Eye fatigue affected them between ‘slightly’ and ‘moderately’, with
a rating between 1 and 2.

Effects of fatigue The second part of the questionnaire was used to find out the
effects observed of the fatigue experienced. Some of the common effects of fatigue
were unintelligible speech, increased reaction time, increase in involuntary spasms,
effects on cognitive abilities, increased frustration and irritation, changes in facial
expressions, and giving up on tasks. Six specialists reported that it was communicated
to them by the clients, while three mentioned that it was not very easy to detect
when the clients were tired. Some of them reported that when fatigued, some of
their clients halted using technology for communication, in response to fatigue, while
others switched technology from a muscle-activated switch to complete gaze control,
or completely halted communication, in order to rest or sleep to alleviate fatigue.

Finally, on asking if an indication of fatigue onset from the technology (AAC)
would help them or their clients in any way, five replied yes, seven replied maybe and
three reported no.
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2.1.2 Focus group
We organized a focus group with the goal of gaining insights into the second-hand
fatigue experiences of people with motor disabilities, from a team of 15 special edu-
cation teachers, speech therapists, and AAC consultants. We divided the specialists
into two groups of seven and eight, and the groups were facilitated by the author and
the main supervisor (Figure 2.2 depicts one of the groups). The only question in the
agenda was: How does fatigue affect your clients in their daily lives? The specialists
recanted their own experiences of fatigue observed in their clients. We audio-recorded
both the focus groups. We analyzed the discussions using thematic analysis, following
the methods by [31].

Three themes were identified from the data. Firstly, the specialists identified the
causes of fatigue for people with motor disabilities. Secondly, they discussed the
different effects of fatigue they had observed in their clients. Thirdly, they discussed
the techniques adopted by their clients and themselves, to manage fatigue.

2.1.2.1 Causes of fatigue

Four causes of fatigue were identified during the analysis – time on task, learning new
things, socializing, and time of day.

Time on task Most of the participants recanted that they could observe effects of
fatigue within a certain duration of meeting their clients in the day. The time duration
was different for different clients, some were energetic in the first 20-30 minutes while
others had a capacity of 1-1.5 hours. Time-on-task was a causal factor of fatigue. The
AAC consultant explained:

“I have to prepare a lot, often because a lot of my clients get tired very
quick. Maybe we have an hour or hour and half, and they can’t do it
anymore. So it’s a huge problem.”

Learning new things The time duration on a task that caused fatigue could be
affected by the task itself. The AAC consultant explained that they were responsible
for teaching the clients a new technology and would meet the clients once a week
for the same. When first learning a new technology, the clients could use it for a
maximum of one hour, but after having practiced on the same technology for a few
months, the clients could use it for up to two hours at a time. Another specialist
explained that their clients with brain damage would get tired when learning a new
activity. Learning a new technology and new activities was tiring.

Socializing A lot of the learning also occurred in groups, which was another cause
for fatigue. When the clients got together, even for a birthday, they would not have
the energy to do anything else on that day. The event, despite being joyous and
exciting for them, would eventually lead to fatigue. Another specialist described how
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Figure 2.2: An image of a focus group. The participants have been anoynymized
via a silhouette technique.

his one client who used a Tobii Dynavox (a specialized AAC) performed during the
day:

“He is with others [during lunch], which for many of them is tiring, to be
so many together. There are many of my clients that get very fatigued,
and their social presence decreases later during the day. They use a lot of
energy just being present with others.”

Time of day Some of the specialists had observed that time of day was a contribut-
ing cause to fatigue. Some of their clients knew that they worked best in the morning
or afternoon and informed them accordingly. A specialist described that some of
the clients could type using their communication system faster in the morning. One
specialist explained that a client experienced fatigue around lunchtime every day:

“You can see with her, that her eyes can’t focus when she gets tired, and
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it is around lunch time that she takes a rest. And then she can [focus]
again.”

2.1.2.2 Effects of fatigue

Several sub-themes emerged within the umbrella theme of effects of fatigue: physical
attributes of fatigue, mental attributes of fatigue, feelings associated with fatigue,
effect on activities and fatigue awareness.

Physical attributes of fatigue The specialists could notice changes in the energy
levels of their clients as they got fatigued. Clients with cerebral palsy, when expe-
riencing fatigue, could have increased spastic movements, which would get bigger,
making it harder for the clients to select a key on the AAC. Some of the clients would
have a visible shift in the posture:

“Some of them start to hang a little bit more in the chair.”

Mental attributes of fatigue Reduction in the ability to concentrate on the task
or to the conversation was commonly attributed to fatigue. As mentioned above, a
reduction in the ability to focus the eyes on the keys would occur as a result of fatigue.
The speed of using AAC was another indicator used by the specialists to gauge the
fatigue levels of their clients. A specialist explained how one client would, as a result
of fatigue, accidentally select the wrong keys. An increased number of mistakes were
made due to fatigue. Some clients had difficulty finding the right words when fatigued.
Time and the ability to respond to the specialists was an indicator of fatigue for one
client:

“One client with CP has very low latency, and during the day, when she is
[getting] tired, we can see that it’s getting lower and lower, and when she’s
in the bathroom, and she’s about to wash hands, if you ask her something
else – how is your little brother? She cannot answer the question when
she’s doing something.”

Feelings associated with fatigue Fatigue would generate feelings of frustration
and irritation, when the clients had accidentally selected the wrong key, at not being
able to select the key they wanted. For some of the clients with brain damage, fatigue
was pathological and the new normal. But they do not realize this or are not able to
accept it:

“People who get brain damage, their new normal is that they are fatigued
all the time and they feel stupid because it’s not normal. New things
make them tired, and they are fatigued all the time and they don’t realize
it, if nobody says. And even if someday said it to them, they would think
– because I’m stupid, so don’t bother. Then they get irritated.”



10 2 Motivation

Effect on activities A lot of the clients who have acquired the disability have
divulged that they are less social now because communicating with others is fatiguing.
Fatigue would affect the communication abilities of a lot of the clients, and they took
more time to respond or had problems finding the right words to say or responding
adequately when experiencing fatigue. Sometimes the clients would even turn the
head away and thereby express that they wanted to stop communicating because
they were tired. They give up on ongoing activities such as communicating.

“They very very easily give up - “Oh doesn’t matter, forget it” – that is
what they say.”

Fatigue awareness A lot of the clients are not aware that what they are feeling is
fatigue. It happens when they have the disabilities since birth, such as cerebral palsy,
and have grown accustomed to the feeling but do not recognize it, but also when
the disability occurs later, they have a hard time accepting the increased incidents of
fatigue. Some of the clients who recognize the feeling deny it and even try to hide it.
A question that the clients have for the specialists is – “when will the fatigue pass?”
A specialist recants:

“I have to say that we take a break here, and maybe we go on, or maybe
we have to take another day. It’s a huge problem also when testing things.”

2.1.2.3 Fatigue management

The technique used by the specialists and the clients is to plan and rest, respectively.
The specialists plan and prepare, a lot, for the activities keeping fatigue in mind.
They attempt to have a fixed schedule for each client.

The clients, depending on their fatigue, take a lot of small breaks of rest or some
take a nap after lunch to be able to continue afterward. Some of them schedule their
appointments according to prior knowledge of other appointments which could cause
fatigue. Some of these rest breaks also need to be scheduled:

“A client - she eats at 11, and she has to sleep before that. Or she can’t
do anything. It’s very important that she gets the food, and it has to be
at 11 o’clock, very precisely, and she has to sleep before that.”

2.2 First-hand experience of fatigue
During short testing sessions of the eye-tracking systems, we asked four clients some
additional questions on fatigue and its effects, and have reported and described the
observations and answers below. In order to anonymize their identities, we have
named them by only one letter of their name.
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Client B Client B, above 50 years of age, was diagnosed with ALS a year before the
interview. She had realized that she was more tired on the days when she had not slept
well the night before. She was not using eye-tracking-based AAC for communication
full-time but was planning to do so soon. At the time of the interview, she could
spend a maximum of one hour browsing on the internet, and although she would
have liked to go on, she needed to take a break. When she was tired, she would either
sleep or lie down.

We observed that asking her questions on reflecting the cognitive state was tiring
itself, and thereafter, she did not have the capacity to eye-type for more than two
sentences.

Client E Client E, above 50 years of age, has lived with ALS for several years. He
did not have any stress in his daily life and slept well at night. He could spend up
to four hours on the AAC, after which his neck and eyes would get tired. On being
fatigued, he would take a break by napping.

Client J Client J, around 30 years old, has cerebral palsy. He preferred complete
gaze control of the AAC to using a muscle-activated switch combined with gaze
control, of which he had an option. When he got tired, he would vary the time
required to focus on a key (called dwell-time), to make it easier for him to continue
typing. When using the AAC, he preferred to create his own sentences than using
the pre-saved sentences in the devices, despite the time it took him to write them.
He had realized that he was slower in the mornings, and so preferred to work using
the AAC later in the day. He mostly slept well at night, but on the nights he did not
sleep well, his typing was affected the next day. He experienced stress when he was
giving a presentation and was likely to not use the AAC directly afterward, due to
fatigue. Sometimes, he would have liked to continue using the AAC, even though he
was tired. He explained that he would like to find out, whether his eyes were tired or
his mind.

Client M Client M was around 16 years old and had motor developmental dis-
abilities, resulting in paralysis. He was a school student and used the AAC with a
muscle-activated switch combined with gaze control, usually, and with complete gaze
control, when the muscle was tired. He slept well at night but experienced stress
when completing school assignments. He acknowledged experiencing mental and eye
fatigue, and to alleviate the fatigue he would either look outside the window or watch
videos on his screen. He did not have a time of day that he preferred for doing tasks
but realized that he had good and bad days, caused by either fatigue or technical
difficulties.

A common observation for all clients was that it was difficult to go through stan-
dardized fatigue questionnaires, due to the time and energy required by the clients
to answer them.
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2.3 Concluding remarks
We realized that fatigue – physical as well as mental – affected people with motor
disabilities, although sometimes, it wasn’t possible to differentiate between the two.

For the thesis, we decided to research mental fatigue and the viability of detecting
it, with people with motor disabilities in mind. Due to the existing infrastructure
of AAC for people with motor disabilities, the framework of the thesis was based on
eye-typing on an on-screen keyboard using an eye-tracker.

We acknowledge that the sample of people interviewed and in focus groups was
low and localized. There may be many people with motor disabilities who do not
experience mental fatigue, or their experiences are different from our findings.

Research on mental fatigue in people with motor disabilities is mainly restricted
to comparing the fatigue experienced by them to that experienced by non-disabled
people, and progress of mental fatigue due to tasks in people with motor disabilities
has not been studied. However, mental fatigue is also being revealed as a major
disruptive phenomenon in healthy working adults [2]. Associated with physiological
distress, mental fatigue prevalence has been increasing in the last decades and is a
cause for burnout syndrome [41, 32, 23]. Mental fatigue is a problem that needs to
be recognized for people with as well as without disabilities.



CHAPTER3
Background

3.1 Mental fatigue
Acute mental fatigue is caused by sustained cognitive exertion on a task, resulting
in a reduced capacity and/or motivation to continue the task further. The term
acute mental fatigue, coined and described by van der Linden as a transient and non-
pathological phenomenon [154], is used to denote the mental fatigue we will use in
this thesis. The transient nature of mental fatigue allows it to be alleviated by rest,
unlike chronic mental fatigue.

Mental fatigue experiments use a combination of extended time-period and a cog-
nitive task, to induce mental fatigue, and analyze the variation in mental fatigue
with time. Borragan et al. has tested the theory that mental fatigue is generated by
cognitive load, which is more dependent on the time-pressure to complete the task
than task complexity, implying that cognitive load is responsible for the onset of
mental fatigue, rather than task difficulty [30]. Although not many mental fatigue
measurement studies test that the task generates cognitive load [33, 72, 75, 73], some
researchers have used tasks with a difficulty customized for each participant [62]. Re-
search on mental fatigue models has shown that it is not the cognitive load itself, but
the perception of the load, that affects mental fatigue [124, 69, 112]. This perception
of the load generates a perception of the effort required to continue the task, and
thereby the motivation to continue the task. Models have been built around the
theory that motivation is an intricate part of fatigue generation.

Mental fatigue is the result of exertion or effort, which increases the demand
for cognitive resources to a state where the demand is not sustainable, also called
an overload condition. In contrast, low demand for cognitive resources generates a
condition of underload, observed during monotonous tasks and boredom, but does
not result in mental fatigue [124]. Both underload and overload conditions lead to
a reduction in arousal. In transport research, a similar categorization has led to the
establishment of “active” and “passive” fatigue [113]. According to this categorization,
active fatigue occurs due to high-density traffic conditions or reduced visibility, which
increases the mental workload on decision making, such as speeding up or slowing
down, and also from acting on the decisions. Passive fatigue, on the other hand, arises
from a monotonous and extended driving condition, requiring the driver to maintain
the speed and the course of the vehicle. Many papers fail to specify and differentiate
between the two, calling both mental fatigue [113].
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Fatigability is an important concept associated with fatigue. It represents the
failure to maintain effort and how quickly a state of fatigue is reached [54]. Mental
fatigability denotes the ability to maintain cognitive processing on a task. A person
who has high mental fatigability will reach the fatigue state by performing the same
difficult task for less time, compared to a person with a lower mental fatigability.

Sleepiness, closely associated and confused with fatigue by people, is the propen-
sity to sleep. While both terms are associated with low arousal, the major difference
between fatigue and sleepiness is that sleepiness requires sleep, while fatigue can be
resolved with rest, and does not necessarily require sleep [103].

Mental fatigue is manipulated in laboratory experiments using tasks that induce
cognitive load, for a certain amount of time. Even an experiment duration of 20
minutes has been shown to generate fatigue [98]. Mental fatigue does not have detri-
mental effects and sometimes, even switching from one task to another can alleviate
fatigue [40].

Fatigue, including mental fatigue, is a common symptom for people with chronic
conditions such as cancer, multiple sclerosis [38]. However, the fatigue experienced by
the patients, called pathological fatigue, is chronic, which can be accompanied with
daytime sleepiness, and is different from the physiological mental fatigue discussed
here [124]. Pathological fatigue is increased for patients when performing a physical or
cognitively challenging task. It could also be said that the fatigability of the patients
increases.

Finally, eye fatigue, the fatigue of the eyes and eye movements, is also sometimes
confused with mental fatigue [158, 123]. Eye fatigue, tiredness experienced during
mechanical eye movements, is different from mental fatigue. Eye fatigue complaints
are common in environments of sub-standard and dim lighting due to eye strain or
continuous use of computer screens, reading, or driving [51].

3.1.1 Theoretical basis of mental fatigue
The classical theory of fatigue, called the ego-depletion theory, assumed that the
energy of the body resembled fuel or battery in a machine; when the fuel ran out,
it resulted in a state of fatigue [69]. As mental fatigue was conceptualized, the
theory that fatigue was the result of glucose depletion and reduced access to it in
the brain was found to be false [69]. Instead, a theory on subjective control over
fatigue, depending on the effort required, costs involved, individual goals, and the
motivation to complete the goals was generated [69].

Motivational control theory of fatigue suggests that continuous use of exec-
utive control strategies is the cause of fatigue. The executive control strategies are
involved in prioritizing the different goals, monitoring effort in use, computing the
changes required in the effort for the most important goal, and applying them. The
goals considered can be the current task, resting, or even doing nothing, and each
goal has a motivation level associated with it. Repeated use of this procedure results
in fatigue, as per the theory. Another way to look at it might be that repeated
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consideration, indicating uncertainty in the task results and the efforts, might be the
cause for fatigue.

Pattyn has used the above motivational control theory of fatigue and combined it
with other motivational theories, originally used to explain exercise performance [110],
to generate a multi-dimensional theory of fatigue and performance, that also
explains the increase in exercise fatigue on exercising in a state of high mental fatigue
[124, 137]. Perception of effort is the fundamental cause for fatigue onset, as per the
theory, and is influenced by a computational decision analyzing inputs of effort and
environment stimuli of performance evaluation, such as the desire to perform better
than others. These inputs are compared to an individual limit of effort that the user
is ready to put in, also called potential motivation. If the required effort is more than
the potential motivation, it leads to a state of fatigue.

We do not agree with the basing of mental fatigue theory on exercise fatigue.
Firstly, exercise fatigue, unlike mental fatigue, can have a limit, such as physical
pain. Secondly, the goals for the exercise and the cognitive tasks are different and
not comparable. Exercising might be, in most cases, related to personal goals, while
cognitive tasks might be associated with professional goals. Finally, the theory sug-
gests that the potential motivation is independent of the decision-making results and
stems from a pre-task calculation of abilities. We believe that it might not completely
explain exercise fatigue as well as mental fatigue. Motivation may be intrinsic or ex-
trinsic, and the processes involved in perceiving and determining motivation can be
conscious or subconscious [124]. According to Herlambang et al., the motivation to
continue with the task and perform better on the task can be manipulated during
the task, externally, using tangible monetary awards [68]. This also suggests that
towards the end of a task, such as running, when you can see your destination, the
motivation to finish the task increases and can stay high till the end, until the task
is completed. There needs to be further research on the estimation of motivation.

Another theory, the cost-benefit theory, is similar to the motivational control
theory. It suggests that the current goal or action has costs, rewards, punishment,
and motivation associated with it [27]. The costs and benefits (the rewards and
punishments of performing and not performing the task) are compared to establish,
at a point in time, if continuing with the effort on the task will be beneficial (high
reward, low punishment). If the benefits are high, then the motivation to continue
is higher than that to abandon the task. According to the cost-benefit theory, the
decision that the cost to continue is not worth the benefits generates the perception
of fatigue. Boksem et al. supported the cost-benefit theory with neuro-biological
evidence of the reward system [27].

All theories contribute to the origin of mental fatigue and describe the process
of fatigue onset using similar concepts of effort, perception of effort, and motivation.
We believe that the cost-benefit theory and motivational control theory of fatigue can
explain the role of motivation and the origin of fatigue with merit. According to the
theories, mental fatigue either arises from reduced motivation to continue with the
tasks due to the realization that the benefits of performing the task are not rewarding
enough to compensate for the effort put in, or due to the uncertainty if completion
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of the task and its benefits are worth the effort, causing repeated consideration of
the task goal and the efforts. According to both theories, mental fatigue results
in a reduced executive function, which makes it harder to evaluate the cost-benefit
problem [69].

The common ground for all theories is that they predict efficient work and high
engagement in situations where the selection of the goal/action is within the control
of people. When the goal selection is not within the control of people, such as working
overtime in a low reward situation or not out of their own choice, it results in fatigue.
Ultimately, fatigue is a multi-dimensional neuro-ergonomic technique by the body to
serve its most important goal – survival.

Fatigue has been closely associated with performance. As per the initial theories,
performance reduction was a result of increased fatigue. This was supported by
a theory of performance and effort, known as the resource control theory, which
suggested that there was a finite amount of resources available for use. Usage of the
resources would result in a reduction in performance as well as available attention [167,
144]. However, the context of this theory was also dual-tasks, where adding another
task to the existing task reduced performance on the existing task. This theory was
similar to the fuel theory explaining fatigue. As the theories evolved and included
motivation, the relationship between fatigue and performance was revisited. It was
realized that increased motivation to complete the ongoing and rewarding task could
result in increased effort on the task to improve performance [68]. Thus, increased
fatigue may result in a reduction in performance, or it may result in stabilized or
improved performance, due to increased motivation and thereby effort on the task.

3.1.2 Mental fatigue measurement
The multi-dimensional feature of mental fatigue is reiterated in the various effects it
has on – the affective aspects on the feeling of fatigue perceived, the cognitive aspects
on the attention, and the physiological aspects. Multiple aspects are utilized in an
experiment for triangulation of the mental fatigue level.

3.1.2.1 Subjective measurement

Fatigue questionnaires, developed in clinics usually with a target population such
as for multiple sclerosis patients, Parkinson’s, or even the general population, ask
multiple questions to determine the overall fatigue level. Different questionnaires
focus on different aspects of fatigue – severity, impact on activities, physical, mental
[166]. The time frame of the questionnaires can vary from the past month to just
now, and the number of questions on the questionnaire varies from one to 83. Some of
the questionnaires relevant for measurement of the progress of mental fatigue during
an experiment are the fatigue impact scale [58] and the revised piper fatigue scale
[131]. But both have 40 and 22 questions on the questionnaire, respectively. While the
subjective aspect of fatigue is an important one to note, it requires manual input from
the study participants and can sometimes result in bias due to reporting [38, 117].
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Many studies have used one question to inquire about the level of mental fatigue
experienced at the moment [72, 75]. In this thesis, we have also followed the one-
question method to record the subjective fatigue level during experiments.

3.1.2.2 Attention measurement

Vigilance was first studied with respect to sleep deprivation, where attention could
not be sustained on the third day of nine days of sleep deprivation [Haslam (1981)
from [162]]. As sleepiness and mental fatigue were realized to be distinct, a decrease
in the vigilance level was continued to depict mental fatigue [30]. Vigilance, defined as
sustained alertness [144], is tested using the psychomotor vigilance test (PVT), which
records the reaction time and accuracy of response to the appearance of a stimulus
on the screen [48].

Attention, and its different aspects – vigilance, alertness, orienting, and executive
attention, have been shown to have a relation to mental fatigue [40, 57, 71, 150].
Attention network test examines the performance of different attention networks –
alerting, orienting, and executive [57]. The executive network of attention, which is
involved in resolving conflicting information, is associated with mental fatigue [71].
We have already seen indications of this association in the motivational control theory
of fatigue, which has suggested a loss of executive control during fatigue.

In our second experiment, described in chapter 7, we have used the attention
network test to record the objective markers of mental fatigue and reduced attention.

3.1.2.3 Physiological measurement

Physiological signals such as heart rate variability (HRV), brain signals, measured us-
ing electroencephalography (EEG) and functional near-infrared spectroscopy (fNIRS),
and pupil and gaze data, recorded using electro-oculography (EOG) and eye-tracking,
have been used to measure mental fatigue [76, 3, 159].

Using an electrocardiograph, HRV can be computed, which increases with fa-
tigue. Defined as the ratio of fourier transform of heart rate at low-frequency (0.04-
0.15Hz) vs high-frequency (0.15–0.40Hz) [140], HRV combines both the sympathetic
and parasympathetic nervous system activity [28]. Abbasi et al. measured the heart
rate and the HRV during one hour of a neuro-cognitive test in a noisy environment
and found an increase as a response of increased sympathetic nervous activity [3].
Horiuchi et al. obtained similar results on HRV during one hour of neuro-cognitive
tests, however, the increase in HRV with time was not as pronounced [76].

EEG has been studied extensively in the context of mental fatigue and vigilance
[67, 86]. Haubert et al. has analyzed event-related potential in relation to vigilance,
and found that P3b, or the first positive peak in the EEG signal after an event,
occurring 300ms after the event, reduces in amplitude, and occurs increasingly later
as the vigilance decreases. This has been confirmed by studies that assessed P3b
amplitude and latency during Go/NoGo task [64] and a neuro-cognitive task [75, 74].
Increased power in the beta, alpha, and theta bands has been associated with reduced
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alertness and arousal [28, 139, 159]. While higher frequency EEG bands (gamma >
30Hz) have not been studied in-depth, Gergelyfi et al. have shown an increase in the
amplitude in high gamma bands at the electrodes F7 and FC5 [62].

The blood oxygen level in the frontal cortex increases with increased cognitive
activity, indicating an increase in the use of mental resources [116]. This has been
used by a study to evaluate mental fatigue using increased brain oxygen levels in the
frontal cortex [29].

The use of pupil and gaze signals in detecting mental fatigue will be discussed in
greater detail in chapter 5.

Performance impairment was a crucial effect of mental fatigue since the begin-
ning of mental fatigue research. It was first observed in college students, for whom
work output was lower towards the end of the work periods, as the feelings of weariness
increased [40]. For a long time, task performance was the major indicator of mental
fatigue. However, as discussed above, performance is not a reliable indicator of fa-
tigue, since variation in the task performance is an indicator of the strategy applied
during the task – increased effort on task may lead to an improvement in performance
while decreased or unchanged effort may result in performance impairment.

3.2 Gaze tracking
The eyes are a part of the sensory system, which take input from the environment and
send the neural signals to the brain, to create a visual image, with the help of visual
processing. As observed in Figure 3.1, the structure of the eye consists of, in the order
from outside to inside, the cornea, pupil, and the lens. The cornea protects the eye
from foreign material and focuses the light entry into the eye. The pupil controls the
amount of light reaching the retina by contracting (constricting) to allow in enough
light in bright environments and expanding (dilating) to allow in more light in dark
environments, to improve visual acuity. The cornea and the lens refract the light
rays to create an image on the retina. The center of the retina is packed with a type
of photoreceptor cells – cones, in a region called the fovea, to provide high acuity.
The fovea covers about 2◦ of the environment. The peripheral parts of the retina,
containing a type of photoreceptor cells – rods, provide more information on the light
and motion in the environment. The optic nerve transfers the information from the
photoreceptor cells to the visual cortex in the brain to process it and generate an
understanding of what the eye sees.

Eye-tracking, the process of either measuring the gaze-point of the eyes or the
relative movement of the eye in the head has evolved from using invasive scleral
contact lenses, to contact-based electro-oculography, to non-invasive and non-contact
remote eye-trackers, to resembling nondescript eyeglasses [49, 106].

Video-based eye-tracking process can be divided into two stages – eye detection
and gaze estimation. The two types of video-based eye-tracking methods are:
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Figure 3.1: Schematic of the human eye. Illustration obtained from Wikimedia
Commons, public domain. Photograph by Harris & Ewing, Inc. [Public
domain], via Wikimedia Commons. (https://goo.gl/VLCRBB).

1. Video-oculography: Using a camera and image processing, features such as the
eye corner, pupil center, pupil shape, or the expected appearance of the eye and
its parts are used to detect the location of the eye in the image, with respect to
the camera. To estimate the gaze location on a screen, a calibration process is
employed in determining the center of the pupil and the position of the eye.

2. Infra-red pupil-corneal reflection: This method requires an infra-red source of
light, the reflection of which, from the cornea, generates a glint and is used to
detect the eye position. The source of light can be passive, using the environ-
mental light, or active, using an infra-red light source on the eye-tracker. When
the light source is on the optical axis, the pupil appears “bright” in the image,
and when the light source is not on the optical axis, the pupil appears “dark” in
the image, both allowing the pupil to be visible in the image. The calibration
process to estimate the gaze position on a screen using a remote eye-tracker
computes the position of the corneal glint, also called Purkinje reflection, with
respect to the pupil center.

Both of these techniques can be applied in a remote system, where the camera is
fixed on a screen, and a head-mounted system, where the camera is on the frame of
eye-glasses or a wearable device. In this thesis, the infra-red pupil-corneal reflection

https://goo.gl/VLCRBB
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has been used in commercial Tobii eye-trackers in both the studies completed, one in a
remote eye-tracker and the other in wearable eye-tracking glasses. Video-oculography
based eye-tracking has also been applied in the study designed with calibration-free
eye-tracking using an iPad.

Some challenges when using eye-trackers can be the partial occlusion of the eyes
or pupils due to hair, eye-lashes, make-up, or reflection from eyeglasses of the user.
Lighting conditions need to be more or less controlled for reliable eye-tracking, espe-
cially when using the pupil-corneal reflection method. Hence, the eye-tracking data
might not be stable when recorded outdoors or in dark and dim lighting.

It is possible to use other methods to track the eye movements and not the exact
gaze positions. Eye movement tracking methods are contact-based and use electrodes
on the epidermis. Electro-oculography (EOG) is an example of this technique. As-
suming the human eye-ball to be an electrical dipole, with the cornea as positive and
the retina as a negative pole, two electrodes on each side of the eye and a reference
electrode are placed. A movement towards one of the electrodes would modify the
dipole orientation with respect to the reference electrode, allowing detection of the
eye movement. The range of the potential recorded is in µV, ranging from 15−200 µV.
EOG has some advantages compared to eye-tracking, that it is not susceptible to light
variations, and can be used in a completely dark environment as well as outdoors,
without being interfered with by the sunlight. However, it also has some disadvan-
tages. The signal obtained from EOG can have artifacts and the signal drifts. The
method also requires placement of electrodes on the skin, however, the latest develop-
ment of light-weight EOG glasses has made them comparable to eye-tracking glasses,
as in the Jins Meme Glasses1.

Another eye movement tracking method can be electroencephalography (EEG),
which records the electrical signals generated by the superficial neurons in the brain,
using electrodes and conductive gel. The electrodes placed in the pre-frontal cortex
contain eye movement and blink information, due to the muscle movement. While
this information is noise for the recordings from the brain, they have been used to
obtain eye movement information in addition to the brain wave signals.

Eye-tracking applications have been classified into two main classes by Duchowski
[49] – diagnostic and interactive. Diagnostic systems provide information on the users’
cognitive processes, while interactive systems allow the users to interact with the sys-
tem and respond to the users’ gaze, and thereby their intentions. Majaranta and
Bulling have used the physiological computing categories of applications, suggested
by Fairclough [106, 56], to create a continuum of eye-tracking applications from in-
tentional to unintentional. On one end of this continuum are the active applications
that use eye-based control of a computer or the system, similar to Duchowski’s in-
teractive applications. In the middle are the attentive applications that also react to
the users’ eye movements and behavior, but do not require the user to apply gaze
control. Next are the adaptive systems, which learn from the users’ eye movements
and behavior. On the other end are the passive applications that diagnose the user

1https://jins-meme.com/en/

https://jins-meme.com/en/
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behavior at a later time by saving the eye movements and gaze information, similar
to the diagnostic systems described by Duchowski.

Within the thesis, we have implemented systems from the opposite ends of the
classification – users controlling the computer using their gaze, as they eye-type, and
diagnosing the fatigue level of the user based on their gaze behavior. The ultimate
goal envisioned from this thesis is a real-time system on fatigue monitoring, that can
estimate cognitive processes from the users, while people with motor disabilities are
interacting with their AAC using gaze control. This proposed application would not
fit the existing continuum chart. We propose that in the above continuum of physio-
logical systems, the eye-based control applications and passive diagnostic applications
join and form a loop (Figure 3.2). The space on the continuum loop between the ac-
tive and passive applications is also where the inclusive systems designed for people
with disabilities could lie, while they interact not just with their AAC systems but
also wheelchairs.

The studies performed within this thesis combine the gaze-interactive applications,
using eye-typing, and diagnostic applications, when measuring fatigue using eye-based
metrics, from the proposed continuum.

Eye-tracking has focused its understanding of eye movements based on the images
recorded on the fovea, which has helped understanding saccades and fixations. The
next step in eye-tracking is understanding visual perception, which starts with the
information transmitted by the nerves in the retina to the visual cortex for further
processing.

Figure 3.2: Proposed continuum for eye-tracking applications, with inclusive appli-
cations lying between gaze-interactive applications and diagnostic ap-
plications.
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3.2.1 Eye-based metrics
The eye-based metrics relevant to this thesis are introduced in this section. They can
be categorized into the following five categories:

1. Pupil size: Estimated size of the pupil

2. Blink: Closure of the eyes

3. Fixations: Relatively stationary gaze-point

4. Saccades: Eye movement between two fixations

5. Smooth-pursuit: Eye movement generated when following a target

3.2.1.1 Pupil size

Pupil size variation was first observed when doctors in the second century needed to
perform cataract surgery, to define if the surgery would be successful and if the eye
was not yet blinded. The doctors would cover an eye and limit the light entering the
eye; if the covered eye was blind, the other eye would not dilate (increase in size).
This was proven later to not always be correct, since damage to the visual cortex in
the brain would not affect the pupillary response to light, and the cataract surgery
would not be deemed successful due to the inability of the patient to process the
signals [151].

Pupil constriction involves the iris sphincter muscle, a circular muscle that en-
circles the pupil, and the contraction of which causes the pupil to constrict. The
neural pathway responsible for the constriction involves the parasympathetic nervous
system and consists of the Edinger-Westphal nucleus (EWN), which transmits the
information to the iris sphincter muscles to contract. Pupil dilation is controlled by
the iris dilation muscle, arranged radially outside the pupil, and the contraction of
the muscle results in the dilation of the pupil. The neural pathway for the dilation
is controlled by the sympathetic nervous system and involves the hypothalamus and
locus coeruleus. The neural pathways described above are separate for constriction
and dilation, however, there is an interaction between them, and as the sympathetic
nervous system is activated, causing dilation, simultaneously, the parasympathetic
nervous system is inhibited, and vice versa.

One of the functions of the pupil is to control the amount of light reaching the
retina, and the variation in the pupil size is the largest, in response to light. When a
light source causes the pupil to constrict via the constriction mechanism, it also leads
towards wakefulness, activating the dilation mechanism via the sympathetic nervous
system. The overall result, however, is of pupil constriction. The constriction process
has another use too – it helps to increase the visual acuity when looking at an image
full of details. This is also why, to see clearer, we squint our eyes, in order to constrict
the pupil.
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Pupil size is also affected, via the sympathetic nervous system, by arousal, emo-
tion, and mental effort. Pupil dilation is studied and has shown effects of increased
task difficulty and mental effort [21, 87]. This variation has higher latency than the
variation in pupil size due to luminance changes. We will discuss this further in the
subsection 3.2.2.

Another type of pupil variation is the oscillation in pupil size, also called hip-
pus. These are the spontaneous fluctuations in pupil size, occurring independently
of a stimulus, and which have also been related to various cognitive processes. Re-
cent experiments have studied this variation in the low-frequency compared to high-
frequencies, similar to the heart rate variation, and compared the metric generated
by a ratio of low to high-frequency response, to cognitive processes. This will also be
further discussed in subsection 3.2.2.

As observed above, variation in the size or diameter of the pupil is the commonly
measured feature. Pupil diameter varies between 2 and 8 mm. The variation due
to the light reflex can be around 3 mm, while the variation due to the cognitive
processes is much smaller and can be around 0.5 mm [87, 11]. Depending on the
eye-tracker, it can be estimated as the number of pixels computed from the processed
images, such as in EyeLink 1000 (SR Research), or in units of length (millimeters) via
modeling, as implemented in Tobii eye-trackers. For some eye-trackers, it can also be
the area covered by the pupil, which has a direct relationship to the pupil diameter
[88]. Nevertheless, the unit of the pupil size carries less importance, as the metrics
studied using pupil size compute the increase or decrease in the pupil size, due to
certain cognitive events or light, and not the absolute pupil size.

Since the absolute pupil size does not matter, the change in pupil size due to an
event (or the task-evoked pupillary response), is compared to a baseline measure of
the pupil size, in a step called baseline correction. The commonly used methods for
baseline correction are divisive correction (pupil size/baseline pupil size), the units of
which are arbitrary units, and subtractive correction (pupil size - baseline pupil size),
resulting in a metric with units the same as the pupil size. Another form of correction,
called percent change in pupil dilation, is performed by computing the z-score of the
pupil size. These methods and their respective advantages and disadvantages have
been discussed by [111]. They have concluded that subtractive correction is more
robust to noise as well as closer to the real effects. They also point out that although
baseline correction is better than no correction, the baseline pupil size can distort any
correction method, and needs to be analyzed with caution.

We have selected subtractive baseline correction in our analysis to study the cog-
nitive effects of mental effort. Before that, the pupil size signal was reconstructed
due to the missing data from blinks and processed to remove the effects of blinks on
pupil size. As demonstrated by Fukuda et al. [60], blinking can cause a slight pupil
dilation, from restricted light input during the blink. To remove these effects, 200
ms before and after a blink were removed, and the overall missing signal was linearly
interpolated. To remove the unwanted signal (noise) in the pupil size, arising from
the eye-tracker model or due to the random variation in pupil size or due to blinks, we
implemented an outlier detection algorithm – Hampel filter. This filter used a window
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size of 5 samples (55 ms, using a 90 Hz eye-tracker) to replace any noise beyond 3σ
with the median of the window. This was followed by a weighted mean computation
to combine the right and left pupil size using weightings of the inverse of the noise
(standard deviation) in the individual pupil size. The weighted pupil size was used
to compute the metrics. The task-evoked pupillary response, to examine the effects of
task difficulty, was computed by subtracting the baseline pupil size, computed for a
duration of 300 ms of a non-interpolated period before a trial, from the mean pupil
size during the trial. Furthermore, we used the baseline pupil size itself, to examine
the effects of fatigue from time-on-task.

Klingner et al. have shown, using a plot of correlation between the right and left
pupil size over frequency, that the high-frequency signal, composed of the noise in
the signal, does not correlate, or that the variation in pupil size due to the cognitive
processes is similar in the right and left eyes [87]. This suggests that a high correlation
between the right and left pupil size indicates a robust signal. We have also used the
left and right pupil size correlation to eliminate data with a correlation below a
threshold of 0.75 in our experiments.

There are some other variations in the pupil size, that we should be wary of
during experiments and analysis. Pupil near response is the constriction response
of the pupil size to shifting focus on near objects after focusing on farther objects,
and dilation for the reverse condition. This response functions to provide high visual
acuity when focusing on nearer objects, and allowing focus on multiple objects at a
farther distance.

Eye-trackers record and process the images of pupils with the assumption that
pupils visible in the images are circular. However, in a phenomenon called the pupil
foreshortening effect, when the user is turned away from the screen, the pupil might
appear elliptical instead of circular, with the vertical diameter higher than the hori-
zontal diameter. This perspective error would result in an incorrect estimation of the
pupil size. Tobii claims that they apply a pupil correction method, however, it is not
further expanded in detail.

3.2.1.2 Blink

Blinks are defined as closure of the eyes and provide a mechanism of protecting the
eyes in a dusty environment, removing particles from the cornea and spreading the
moisture across the cornea to prevent dry eyes and subsequent irritation.

Semi-automatic in nature, blinks can be divided into the following categories,
described in detail by Stern [148] –

• Reflex blinks: A protective blink activity in response to conditions such as a
sudden loud noise near the eyes.

• Voluntary blinks: Self-initiated blinks to provide moisture to the eyeball.

• Endogenous blinks: Blinks that are controlled by the cognitive processes. Their
amplitudes (eyelid movement) are smaller than those of voluntary blinks but
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Figure 3.3: Pupil size of right (orange) and left (blue) eyes. The missing pupil
size and the slight reduction in the pupil size around the missing data
indicate a blink, where the pupil starts getting obstructed, depicted by
the reducing pupil size and then completely, depicted by the lack of
pupil data.

bigger than those of reflex blinks. These are also the most important blinks for
us to study further.

Caffier found that blink duration, the time duration measured from when the
eyelid reached half of the closing amplitude (50% of the amplitude) to when the eyelid
reached the same amplitude when opening, ranged from 75-500 ms [34]. Assuming
that the 50% amplitude would coincide with the occlusion of at least one pupil, we
applied this criterion for missing pupil size duration to identify blinks.

Blink metrics commonly studied, and further explored in this thesis, are given
below. Their relations to cognitive processes will be studied further.

1. Blink frequency: Number of blinks per period of time, measured in minutes.
An average person blinks about 16 times per minute, with a range of 6 –
30 blinks/min [Davson (1990) from [34]].

2. Blink duration: The average time duration of blinks, measured in milliseconds.
The average blink duration is 200 ms [34, 148].

3. Inter-blink duration: The time duration between consecutive blinks, measured
in milliseconds.
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4. Blink bursts: A collection of multiple blinks occurring within a period of 2 s is
termed as blink burst.

5. Long blinks: Blinks of duration between 300 – 500 ms

Using eye-tracking, blinks are detected using obstructed pupils, as depicted by the
missing pupil size in Figure 3.3.

Another feature, not included in the list above, is percentage of eye closure (PER-
CLOS). It is studied in relation to mental fatigue and sleepiness. The reason for its
exclusion from the above list is that it might indicate sleepiness rather than mental
fatigue [168].

For the duration of a blink, the brain does not have access to any new information,
due to the temporary loss of vision. This might also explain blink inhibition, which
occurs just before periods of information intake, to allow continuous intake and pro-
cessing of the visual information. The suppressed blinks could be compensated for,
with blinks or blink bursts, at the end of a sub-task of the processing, such as at the
end of a sentence while reading.

Environmental lighting is also known to affect blinks, with longer and more fre-
quent blinks in a dim room, due to eye-strain and eye fatigue.

3.2.1.3 Fixations

Fixations are relatively stable and densely packed gaze positions generated as the
user focuses on an area of interest. Fixations are usually at least 100 ms long.

Within a fixation, the gaze-point is not one fixed point for a certain duration,
but multiple closely placed gaze-points form the fixation. The movement of the eyes
between these closely packed gaze-points generates microsaccades. A fixation may be
centered around a point, but microsaccades allow the intake of information around
the point. The amplitude of the microsaccadic movements falls between 0 and 1◦,
encompassing the visual field. The majority of the microsaccadic movements are less
than 0.5◦ and duration between 10 and 20 ms and require a high sampling rate eye-
tracker to allow detection [55]. Microsaccades have been shown to vary depending on
the attention and mental effort [24]. The eye-trackers used in this thesis do not allow
reliable recording of microsaccades, due to their low sampling frequency, however, we
will discuss microsaccades again in chapter 5, as we review the literature on the effects
of mental fatigue on eye-based metrics.

Other movements within a fixation are tremors and drift. Drift is a low-velocity
eye-movement (peak velocity < 50 arcminutes per second). Tremors are fast vibra-
tions of eye movements (peak velocity < 1.5◦/s) [84].

Fixations are defined using a central point, which is the median of the gaze-points
generated during the fixation, and duration, in seconds. Fixation duration relates
to cognitive processing, as has been recorded during reading words of bigger length,
which require fixation of increased duration [85].

Fixations and saccades are visualized using several different methods such as den-
sity maps and scanpaths. The latter allows the time dimension in the data to be
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visualized, where the fixations are numbered according to the order they were gener-
ated in. We have used scanpaths to observe the working of classification algorithms
of fixations and saccades, as will be discussed further in section 3.2.1.6.

3.2.1.4 Saccades

Saccades are ballistic eye movements generated to travel between two fixations.
Saccades can be divided into several types, as described by Bahill [17]. We will

describe the ones useful for our understanding of this thesis:

• Voluntary saccades: Saccades generated to freely explore the environment or
with a fixed intention to find a certain fixation. We will study voluntary saccades
as we discuss eye-typing.

• Corrective saccades: Not all saccades reach the fixation as planned; there might
be under- or overshoot in the movement, which are corrected using small cor-
rective saccades.

• Visually guided saccades: Saccades generated by a stimulus that appears on
the screen, or when a stimulus on the screen moves and the user is instructed
to follow the stimulus

• Anti-saccades: Saccades that are generated when a stimulus moves on the
screen, but the user is instructed to create a movement in the opposite direction.

Visually guided and anti-saccades have been widely used as additional tasks to
study the effect of fatigue.

Saccade execution requires the brain to compute the direction of movement and
the velocity required, to reach the fixation target. Saccade execution follows the neu-
ral activation of structures in the pons and mid-brain – paramedian pontine reticular
formation and rostral interstitial nucleus – for horizontal and vertical movements,
respectively. The neural network consists of the superior colliculus, the activity of
which is controlled by the basal ganglia and sensory input from the frontal eye fields
[1].

Saccades are fast eye movements, designed to create a stable image of the environ-
ment on the retina. This is the reason why the visual information for the duration
of a saccade is lost, and the image on the retina throughout the saccade is the one
created before the onset of the saccade [Dodge et al. (1916) from [84]]. Saccade
movement involves initiation, acceleration, deceleration, and termination.

Eye movements on the screen are depicted in Figure 3.5. The saccades are depicted
in the yellow sections. The metrics of saccades studied and analyzed for the effects
of cognitive processing are described below:

1. Saccade amplitude: The visual angle (angle subtended at the eye) of movement
during a saccade, recorded in degrees.
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2. Saccade duration: The duration of a saccade, measured in milliseconds.

3. Saccade mean velocity: The average velocity of a saccade, computed in degrees
per second.

4. Saccade peak velocity: The peak velocity of the eyes during the acceleration
phase of the saccade, computed in degrees per second.

Saccade amplitude can be computed based on the theory that if the gaze-point
moves from point B to point C on the screen, in Figure 3.4, when viewing from point
A, θ, the visual angle, or the saccade amplitude for this movement, can be computed
using the following formula:

θ = cos−1( P⃗ · Q⃗

∥P∥ ∗ ∥Q∥
) (3.1)

Saccades usually have an amplitude (visual angle) of 4-20◦ and duration between
30-80ms. These fast eye movements have a speed in the range of 30-500◦/s [70].
Normal saccades, not including the corrective saccades, show a linear relationship
between the saccade duration and velocity versus amplitude. These relationships are
called main sequence. Main sequences allow us to visualize if the data recorded using
eye-trackers is of good quality and the classification algorithm is working.

In Figure 3.5, the last shown saccade with 8 cm movement in the horizontal x-
axis and 3 cm movement in the vertical y-axis is computed to be ∼ 8◦, which has the
duration of 85 ms.

Although blinks and saccades have been studied individually, recent studies have
been conducted on blink-saccades or blinks occurring during a saccadic movement [60].
We have already discussed the increased occurrence of blinks towards the end of cog-
nitive processing. When this period requires eye movements, the blinks are executed
during the eye movement, to preserve visual information during fixations. Factors
such as mental effort and time-on-task affect the frequency of such occurrences.

Figure 3.4: Saccade amplitude, θ, depicts the visual angle generated at the eye
(point A in the figure) in the movement of the gaze-point from point B
to point C. P⃗ and Q⃗ denote the vectors A⃗B and A⃗C, respectively.
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Figure 3.5: Plot of gaze-points (x, y) on the screen versus time. The yellow section
depicts a saccade, while red and green sections depict alternate fixations.
To find the features of the last saccade, the movement in x and y axes
are marked as 8 cm and 3 cm, respectively.

3.2.1.5 Smooth-pursuit

Smooth-pursuit movements are generated when following a moving target, to main-
tain the target in the fovea, and thereby maintain visual acuity.

The user is essentially predicting the velocity of the target, and attempting to
maintain eye movement at the same velocity using the current performance as feed-
back. There are two stages of smooth-pursuit eye movement. The smooth-pursuit
initiation stage is where the user estimates the velocity of the target and starts follow-
ing it. This stage duration is 50 to 100 ms, during which self-performance is assessed.
After the initiation stage, the feedback from the performance is taken into account
and the position is adjusted using catch-up saccades and the velocity is adjusted
accordingly, in a stage called pursuit maintenance.

The metrics studied during smooth-pursuit eye movements are:

1. Root mean squared error: Root mean squared error between the target position
and the gaze position, measured in units of length. It is a measure of the
accuracy of eye movement.

2. Smooth-pursuit gain: Ratio of the eye movement velocity to the target velocity,
after removing parts of the catch-up saccades, computed in arbitrary units.
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The neural network involved in the generation of smooth-pursuit eye movement
consists of the visual area (V5) in the visual cortex, responsible for motion perception
as well as control of the movement, parietal cortex, which is involved in shifting
attention to maintain the target in the fovea, and the cerebellum, which is involved
in guiding the eye movement, in addition to the frontal eye field, which controls the
motor output, similar to saccadic movements.

3.2.1.6 Classification of eye movements

Multiple methods have been established, to classify saccades, fixations, and smooth-
pursuit eye movements, depending on the sampling frequency of the eye-tracker used
and the noise in the system. The three main classes of methods are summarized
below.

Velocity-based methods The most commonly used technique for eye movement
classification, velocity-based methods use the velocity and the acceleration of eye
movement to determine a velocity threshold and classify the eye movements above
the threshold as saccades, and the rest as fixations. The threshold used lies in the
range of 40 - 70◦/s. Some slow saccadic points can have a velocity around 30◦/s,
and there is a possibility of classifying these saccadic points as fixations. There is a
chance that these slow saccadic points occur either during the beginning or end of
the saccade, which makes it likely to be classified as a fixation. Due to the velocity
threshold, this method is not suitable for noisy data causing jitters or low sampling
frequency data.

Density-based methods Clustering methods or density-based methods for classi-
fication of eye movements use the characteristic that the gaze-points within a fixation
are less dispersed in area, compared to the next fixation. They define a dispersion
threshold or the maximum distance between two points within a fixation. A mod-
ification in a known clustering algorithm, called density-based spatial clustering of
applications with noise (mDBSCAN), has been used to include a temporal threshold,
and define the gaze-points belonging to one fixation, and the rest are classified as
saccades [95]. The temporal threshold is to make sure that another fixation close
to the existing fixation in space but at a different time point in the recording is not
combined with the existing fixation. This method is commonly used for low sampling
frequency thresholds.

Probability-based methods A subset of velocity-based method, probability-based
methods use the velocity distribution of saccades and fixations to classify the eye move-
ments using a hidden markov model (HMM). The velocity distribution is represented
by a state, which is also associated with the transition probability of transitioning
to the other state and to itself, given the current state. The consecutive points have
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Figure 3.6: Example of a gaze scanpath during answering of the question What is
the complete name of your university?. As per the scanpath, the user
reads the question, selects the sleep button on the top right corner,
selects the letters D, T and U, which stands for Danmarks Tekniske
Universitet, followed by selecting the key to proceed to the next trial,
denoted by the ‘>’ key.

a high probability of being assigned to the same state, and the probability of tran-
sition to self is higher than that to the other state. The model parameters required
are the mean and standard deviations of the velocity of each state, in addition to
the transition probabilities. Viterbi algorithm is a dynamic programming algorithm
to find the most likely path of states and is used in this technique to speed up the
classification. Komogortsev et al. have implemented this method using MATLAB,
where the initial probabilistic parameters are improved during the classification using
the Baum-Welch re-estimation algorithm, to minimize errors [89]. We have used this
method to classify saccades and fixations.

Komogortsev et al. have provided a detailed overview of the different methods,
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Figure 3.7: Gaze-points on the screen versus time during selection of keys on an
on-screen keyboard. The eye movements are classified into saccades
(yellow), fixations (red and green indicating alternate fixations), blinks
(gray) and noise (white) using hidden markov model.

with additional cleaning of the uncertain classifications into noise, and their imple-
mentations using MATLAB [89, 90].

The above algorithms do not allow for the classification of smooth-pursuit eye
movements, which are more spatially dispersed than a fixation but have a lower
velocity than saccades. Komogortsev has modified the above algorithms to include
the possibility of classification of smooth-pursuit eye movements [90]. We shortly
describe one of their methods below.

Velocity and velocity threshold identification This method modifies the velocity-
based method by introducing a second upper threshold for smooth-pursuit eye move-
ments. After the initial identification of saccades, a threshold is applied to identify
fixations, which have a velocity less than the fixation threshold. The rest of the points
are classified as smooth-pursuit eye movements.

3.2.2 Effect of cognitive processes
The muscles that control the eye movement as well as those that control the pupil
size are innervated by nerves from the midbrain, caudal midbrain, and pons [84].
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Figure 3.8: Gaze-points (blue) on the screen versus time during following of a target
(orange) using smooth-pursuit eye movements. The eye movements
identified are saccades (pink) using the velocity and velocity threshold
identification method.

Cognitive processes, such as cognitive load and attention, can have an effect on eye
movements, blinks, and pupil size.

The eye-based metrics have been used as a proxy for the cognitive processes. The
current section summarizes the literature on associations between cognitive processes
such as cognitive load, attention, arousal, task adaptation, and eye-based metrics. Ef-
fects of mental fatigue have not been summarized in this section and will be discussed
in chapter 5.

Pupil size is analyzed during studies to detect various cognitive processes. The
pupil size variations can be stimulus-driven (phasic response) or baseline-related
(tonic response). The phasic response of pupil size can be studied using pupil di-
lation occurring in response to a stimulus and is discussed in this section. We shortly
also summarize the tonic response.

Cognitive load, defined by the workload experienced as a function of the task
difficulty, has been measured using an increase in task-evoked pupil dilation during,
for example, working memory tasks [7, 80, 127, 21]. Several researchers have reviewed
pupil dilation, among other eye-based metrics, in relation to cognitive load [53, 155,
88].

As pupil size is affected by variation in luminance in the environment, the lighting
conditions are controlled during experiments. Plegling et al. have built a regression
model to measure the workload in variable light conditions and estimate the effects
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of the workload, by removing the estimated effect of the lighting condition [130].
Although some researchers have related cognitive load generated by tasks to pupil

size variations, others have specified that it is the effort applied that corresponds to the
increase in pupil size. Van der Wel and Steenbergen have reviewed studies depicting
the variation in pupil size due to increased effort, and have shown that the effort
applied is related to the cognitive control domains of updating (of working memory),
shifting (of attention between two tasks) and inhibition (of automatic response, in
anti-saccade task) [155].

Along the same theory of effort, researchers have attempted to relate decreasing
pupil size (in terms of absolute pupil size [59] and maximum pupil size difference [141])
to task adaptation. They showed that the pupil size reduced with time-on-task. An
interjection here to mention that reduction in tonic pupil size has also been related to
an increase in mental fatigue [169], which was studied above using absolute pupil size
[59]. It is entirely possible that task difficulty reduces with practice, and as the trials
increase, the mental fatigue increases too. However, Foroughi et al. performed the
experiments with young sailors (age: 21.2 years ± 2.5), who might be novices at the
orientation task used in the experiments [59]. Hence, these conclusions on the effect
of task adaptation on tonic pupil size need to be revisited with further experiments.

Cognitive load has also been studied, using pupil dilation, in real-life applications
via “in-the-wild” studies in microsurgical training [22], in the design of interruption
management systems to generate maximum efficiency at work [82], in space evaluation
by monitoring the pilot’s stress levels [120], during driving in complex traffic situations
[108] and during language interpretation [78].

Apart from the task-evoked pupillary responses, other pupil-based metrics have
been developed and analyzed in relation to cognitive load, such as fixation-aligned
pupillary responses [87], which measures the pupil size during fixational periods and
ratio of pupil activity in low to high-frequency [129, 50]. The latter metric utilizes the
oscillatory behavior of pupil size and is based on the theory of heart rate variation,
a commonly used feature to determine the heart condition [140]. Peysakhovich et
al. were also able to depict that their metric was independent of lighting conditions
[129].

A novel measure to quantify the oscillating behavior of the pupil size, and the
effect of cognitive load, due to task difficulty, was defined using the low/high index
of pupillary activity (LHIPA). Based on the low/high-frequency oscillations of pupil
size depicting the working modes of locus coeruleus and norepinephrine (LC-NE) sug-
gested by Peysakhovich et al. [129], LHIPA computes the ratio of low/high-frequency
band, using wavelet decomposition of the pupil size. The high-frequency oscillations
are expected to increase in response to task-relevant stimuli, similar to the increased
phasic pupil dilation, associated with the exploitation of the task. Conversely, the
low-frequency oscillations measure the baseline response of the tonic firing of the
LC, associated with the exploration of the environment. The increasing cognitive
load would result in increased high-frequency oscillations, resulting in a reduction in
LHIPA.

Tasks generating high cognitive load require increased attention on the task, which
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has been associated with an increase in pupil size during an object tracking task [157].
Similarly, lapses of attention after performing an attention-demanding task, corre-
sponding to increased fatigue, has been related to reduced baseline pupil diameter,
depicting the tonic response of the pupil.

Blink metrics such as blink frequency, blink duration, and inter-blink duration are
commonly used to detect cognitive processes, as reviewed by Eckstein et al. [52] and
Alberdi et al. [5].

Blinks have been shown to be suppressed during periods of cognitive processing
or during anticipation of cognitive processing until the response to the processing is
executed [142, 153, 161]. Blink suppression was observed for increased task complexity
in target detection in a visuo-spatial memory task [156]. For the duration of the
blink, no new visual information is relayed to the brain, which is avoided during
increased attention due to cognitive processing [20]. Following the same reasoning,
blink duration is shorter, and inter-blink duration is longer during periods of increased
cognitive load [4, 135, 99]. However, when the difficulty of non-visual tasks is increased
during an ongoing visual task, blink frequency has been reported to increase with
increased difficulty. There are reports of increased blink frequency during an auditory
secondary task performed with a primary driving task [36, 153, 133]. Hence, increased
cognitive processing during non-visual tasks is associated with an increased blink rate
during a difficult task, while the reduction in blink rate is attributed to increased
complexity in visual tasks. Such a distinction allows us to ascertain the task the
participant is concentrating on.

Siegle et al. used blink waveforms to depict the temporal variation in blinks, which
occurred in bursts, called blink bursts, before the cognitive processing, indicated by
the peak pupil dilation [142]. Blink bursts were also recorded at local minima of
cognitive processing, such as at the end of a line or when turning a page during
reading [148]. Such bursts in blinks were not restricted to visual tasks but also
occurred during auditory processing [148].

Saccade metrics such as saccade magnitude, duration, and velocity have been com-
pared to the cognitive processing, out of which, saccade peak velocity has been most
commonly found to be sensitive to the cognitive workload on tasks such as driving,
decision tasks, as reviewed by Di Stasi et al. [45]. The tasks used in the computation
of the cognitive load usually include voluntary saccades.

Saccade peak velocity reduces with increasing cognitive load as well as increasing
fatigue. Saccade rate increases for increased cognitive load, as recorded during a
visual search task [170] and during a visual decision-making task [99].

Saccade magnitude has been shown to reduce with increasing task difficulty, indi-
cated by the density of targets on a target identification task [156]. Saccade distance,
measured in centimeters as the distance of the movement on the screen, also reduced
with an increasing number of targets during an air traffic controller operation [4].
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Saccade duration measured in a visual decision-making task reduced with increas-
ing cognitive load [99].

Smooth-pursuit eye movements have also shown effects of cognitive processing in
the limited experiments, in which they were studied [91]. Kosch et al. assessed the
smooth-pursuit performance using Euclidean distance between the target positions
and the eye movement path, during a baseline smooth-pursuit movement (no addi-
tional task) and during secondary n-back tasks [91]. The distance and the variance in
the distance between the target and the gaze positions were higher when a secondary
task was performed, compared to only the baseline smooth-pursuit task.

3.2.3 Eye-typing
People with an AAC use eye-typing for several applications, such as accessing the
internet, watching videos and movies, messaging others via social network, writing
homework and reports. The AAC is designed in such a way that the above activities
can be accomplished by selecting keys, first to select the activity, and then to perform
the activity. An example of activities available is provided in Figure 3.9, which shows
the on-screen keyboard of CommuniKate, an open-source collection of specialized
screens and keyboards transferable to any device or to a paper, to allow AAC users
to communicate. Selecting keys with the goal to accomplish a task, in other words,
typing, is one of the common methods in these applications.

In this thesis, we will use eye-typing words and sentences as a use-case of the
common AAC use, to allow for experiment design with non-disabled participants as
well as people with disabilities. Typing is a known task for everyone, and does not
need much learning.

Using eye-tracking technology, it has been possible to harness the gaze position
generated intentionally on an on-screen keyboard and use it for communicating. Using
the theory that fixating on an object is coupled to the user’s attention, eye-typing
works by consciously focusing on the object or key on a screen to indicate the intention
to select it. This method of gaze-pointing is similar to using a mouse for pointing on
a computer screen.

There can be challenges when using eyes as a pointing device. One of the chal-
lenges is that eyes are essentially one of the sensory organs and are used for informa-
tion intake, and using eyes to point intentionally could backfire and cause inadvertent
activation of multiple keys, called the “Midas Touch” problem. To overcome this
problem, gaze pointing and key selection need to have separate mechanisms. Gaze-
pointing at a key on the screen should not immediately result in the selection of the
key.

There are various selection techniques developed over the years, to overcome the
Midas Touch problem and for a more efficient gaze typing. We will discuss some of
these techniques below.
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Figure 3.9: A screen of the on-screen keyboard CommuniKate 12, which allows the
user of an AAC to select different activities and communicate them to
their helpers. The illustration is licensed under the Creative Commons
Attribution-Non Commercial 4.0 International License, and has been
reproduced from http://communikate.equalitytime.co.uk/ .

Muscle-activated switch is a feasible solution for people with disabilities who
have control over a muscle, which can be used in combination with gaze pointing
to select a key. For weak muscles, electromyography (EMG), which can detect faint
muscle activity, can be used as a switch.

The AAC users for whom muscle-activation is not easy, fixating on the key for
a certain amount of time, also called dwell time can be used for the selection of a
key. The dwell time can be a duration ranging from 200 – 1000 ms [65, 83, 118, 104],
which typically reduces on practice of the eye-typing system [104]. Despite the low
dwell time, it might be time-consuming, in addition to being uncomfortable to keep
a steady fixation. Several techniques have been implemented to make the fixation
easier, such as continuous visual feedback on the key being selected (like filling up of
the circular key) or audio feedback on key selection, dynamic reduction of the dwell
time and word prediction based on the first few letters selected [118, 139, 105].

Other methods to select a key without requiring intentional fixations on keys,
which can be uncomfortable for longer dwell times, are gaze gestures which have
been used in different ways to allow selection of keys. Eye movement starting from
inside the key, moving the gaze position to outside the key, and then coming back
to inside the key has been used in two keyboards – EyeK [136] and EyeSwipe [92].
Another method, not using a normal QWERTY keyboard but an ambiguous keyboard,

http://communikate.equalitytime.co.uk/


38 3 Background

which requires selection of a group of keys which allows selection of the character, is
pEYEwrite [77]. The group of letters are arranged in sectors of a pie, and crossing a
sector from inside to outside results in the selection of the sector, causing a pop-up of
another pie with the individual characters forming a sector in the new pie. The same
selection method is required to select a character from the new pie. Another method
without a conventional keyboard with keys is Dasher, where the keys are arranged in a
line, and gazing at a letter causes the window in the vicinity of the letter to be zoomed
in until the letter is selected [160]. Another method, Filteryedping, requires a gaze
gesture of swiping, similar to finger-swiping methods on mobile phones. Using the
QWERTY keyboard, Filteryedping requires swiping of eyes through the letters, in the
same order, in the word to be typed, and after the last letter, making a gaze gesture
to the space bar, indicating the end of the word [128]. The application presents words
that best match its recording of the gaze gestures, and the correct word is selected
by the user.

The above methods require calibration of the eye-tracker for each user. Smooth-
pursuit eye movements allow a calibration-free use of eye-typing, which could have
applications of typing faster, with easier access, on a public interface. SMOOVS
was developed as a smooth-pursuit eye-typing layout [101], with groups of letters
clustered together and moving in a circular path. Similar to the ambiguous keyboard,
the selection of a group of letters allowed access to letters moving in a circular path,
and following the letter with the eyes resulted in a selection. It used only one-point
calibration, compared to the usual five- or nine-point calibrations. Other researchers
have used the SMOOVS layout and added word prediction to improve typing speed
[171].

As introduced above, some keyboard designs have deviated from the conventional
and widely known QWERTY keyboard. QWERTY keyboard is an optimized design
for 10-finger typing, and likely not optimized for eye-typing. Other layouts sometimes
use ambiguous keyboards, to allow bigger keys on the screen at the same time, and
thereby reduce the effect of Midas Touch. Such keyboards have used six rectangular
visible keys [66] and a pie-shaped keyboard with sectors for keys [77].

3.2.3.1 Eye-typing metrics

The metrics we have used in this thesis to evaluate the performance on the eye-typing
keyboards are described below:

1. Typing speed: The speed of typing is computed in words per minute (WPM),
counting five characters, including spaces and punctuation, as a word. Com-
pared to the average typing speed of 44 WPM and speaking rate of 120 WPM,
eye-typing has reached a maximum of 21 WPM using eye-typing with adjustable
dwell-time selection in English [132]. There has been a discrepancy in the charac-
ters counted in the selection of words – inclusion of all characters and inclusion
of only the correct characters [101]. The former would give a higher typing
speed, due to the inclusion of the wrongly selected characters.
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2. Error rate: An accuracy measure of the keyboard and typing mechanism, error
rate computed has two types – the errors corrected during typing (corrected
error rate), if that was allowed, and the errors left in the text at the end
of typing (uncorrected error rate). Corrected error rate counts the backspace
selections made per every character typed. The uncorrected error rate can only
be computed during experiments, where the participants are given a text to
type, which can be compared to the final text they type. It is computed as the
minimum string distance between the target text and the typed text [146].

3. Read text events (RTE): Denoting the uncertainty of the selection mechanism,
read text events counts the number of times the text written till then is read,
compared to the text typed [107]. Assuming that the user is completely certain
of what was selected, the RTE could be 0, and if the user read the text typed
twice for every character typed, it could be greater than 1. It is common for
first-time users to read the text often, to observe the typing process, and learn
from it, if required.

4. Attended but not selected rate (ANSR): The keys that are fixated on, but not
until the complete selection to the total number of characters typed generate
the ANSR. Aoki et al. have found a correlation between the ANSR and the
error rate [6], and the ANSR is an indication of how error-prone the user is.

3.2.3.2 Eye-typing interfaces used in the thesis

OptiKey It is an open-source on-screen keyboard designed to work with gaze con-
trol, using eye-trackers or the webcam. It is designed by a software engineer from
the United Kingdom – Julius Sweetland. It is compatible with most of the Tobii
eye-trackers, the EyeTribe, Irisbond Duo, PCEye Go, and myGaze. It allows typing
into a word document or accessing applications such as a web browser, by converting
the eye-tracker to cover half of the screen. It also allows mouse control by converting
itself to a bar with keys that allow left-click, double-click, right-click, in combination
with a zoom function in the area of the gaze.

OptiKey has a functionality that allows for a typing technique similar to the
swiping technique discussed previously. The multi-key selection technique combines
the swiping technique with dwell-time selection, by requiring the dwell-time selection
of the first character of a word, followed by swiping through the middle characters of
the word (not the last letter) and indicating that the word has ended by dwelling on
the last letter. The application offers suggestions on the word recorded to match the
swiping and starting and ending with the letters selected using dwell-time selection.

We used an experimental version of this keyboard, designed by us, for pilot studies
and experiments, described in chapters 4 and 6. A preliminary experiment testing the
multi-key selection technique showed that it was faster than the dwell-time selection
technique, and has been presented in Appendix D.1.
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Figure 3.10: An example of using OptiKey keyboard with another application, such
as Microsoft Word, which allows typing into the application using
the keyboard. The illustration is from the OptiKey wiki, created by
Julius Sweetland and has been reproduced from https://github.com/
OptiKey/OptiKey/wiki.

EyeTell It is a smooth-pursuit-based eye-typing application designed for Apple
iPad. It uses the front-facing camera of the iPad and the newest version of the
iPad contains infra-red sensors, similar to eye-trackers, which allows detection of the
corneal and pupil reflections. Although the application was initially developed for
an iPad with a visible light camera, the accuracy of using the infra-red radiation is
much higher. It was developed by bachelor students at the Technical University of
Denmark, who went on to create a start-up based on it.

The application generates an ambiguous keyboard and consists of two concentric
circles moving in opposite directions, where the inner circle is made of differently
colored moving keys (targets) and each key is a cluster of letters – ABCDEF, GHIJKL,
MNOPRS, TUVWXY and ZÆØÅ (see Figure 3.11). The selection of a key from the
inner circle causes the outer circle to generate the individual letters from the cluster.
A letter can be written by selecting the key representing the letter. The selection
of a key is accomplished by following the key, which generates smooth-pursuit eye
movement. Visual feedback of a ring around the key being selected is available and
when the key is selected, audio feedback of a ‘click’ sound is received.

The application does not require any calibration. It estimates the gaze-point
of the left and right eyes and models the gaze-point, using the ARKit provided in
Apple Developer. It correlates the gaze-points with all the targets on the screen by
subtracting the gaze positions from the target positions and normalizing them. The

https://github.com/OptiKey/OptiKey/wiki
https://github.com/OptiKey/OptiKey/wiki
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Figure 3.11: A screen from the EyeTell application. Selection of a key from the
outer circle types the key and shows it in the space above the keyboard
and shows six keys – three letters and one space key, one delete key
and one speak-aloud key, which speaks the text in the space above the
keyboard.

normalized distance is subtracted from 1, which is an estimate of the match of the two
paths, or correlation value. A correlation value of 1 indicates 0 error and perfectly
matched paths. A target with the highest correlation value is selected.

We have used this keyboard in experiment 2, described in chapter 7.

Although the applications used in the thesis are eye-typing applications of typing
words and sentences, the data obtained from eye-based metrics can be transferred to
other applications, which we have seen require selection of keys in order to accomplish
a task, similar to when eye-typing to complete typing a word. We envision that these
applications could also be transferred to more exciting eye-typing applications such
as games that operate on gaze control and used with children with disabilities.
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CHAPTER4
Cognitive load

detection during
eye-typing

In the last chapter, we have summarized the effects of cognitive processing on eye-
based metrics. However, most of the studies performed do not include a real-life
application and cognitive load effects have rarely been tested for tasks requiring gaze
interaction. Biswas et al. have compared the cognitive load of using eye-tracking
versus mouse for pointing and selecting activities [24]. The one other study detecting
cognitive load during eye-typing had the goal of exploring easy-to-use keyboard layout
[139]. However, they used EEG to measure the cognitive load.

We summarize a study we performed with the goal of detecting cognitive load
using eye-based metrics during an interactive eye-tracking task of eye-typing.

A copy of the paper is provided in Appendix C.1. A preliminary experiment was
also performed, which is described in the short paper, presented in Appendix C.4.

4.1 Methods
Cognitive load was induced in the experiment by varying the task difficulty of eye-
typing. We used a working memory-based task, where participants were asked to
memorize a sentence and eye-type it from memory. The task difficulty was easy, when
the sentence to be memorized was easy, such as – “I would like you to have a look at
this, but if you get stuck example 1 is provided.” and the task difficulty was difficult
when the sentence memorized was difficult, such as – “The large-scale orchestral
introduction contains the famous chromatic ‘yearning’ theme at the beginning, which
becomes the thematic essence of the whole opera.” The difficulty of the sentence was
quantified using the readability score called Lasbarheitsindex (LIX) score [25]. It
generates a score based on the number of words in a sentence (A), number of words
with 6 letters or more (C), and number of sentences (B=1):

LIX = A/B + (C ∗ 100)/B (4.1)
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The LIX score was used here because the participants were allowed to choose
between performing the experiment in English or Danish, and we needed a common
readability score, for the experiments in English and Danish to be comparable. The
easy sentences had a LIX score of 30 or less, corresponding to easy text, and the
difficult sentences had a LIX score of 60 or more, corresponding to research text and
dissertations [119]. The participants had to be 18 or above, and were all in university,
and should ideally be able to read and understand research text and dissertations.

After every trial of reading, memorizing, and eye-typing the text, the participants
were asked to rate the effort they had required to accomplish the task via the ef-
fort question from the NASA-Task Load Index (NASA-TLX). We termed the score
obtained on the question as perceived difficulty scores. We decided to use only one
question, instead of the complete NASA-TLX questionnaire, to restrict the time spent
by the participants between the trials. A schematic of the trial procedure is provided
in Figure 4.1.

We used an experimental version of the on-screen keyboard OptiKey to execute
this experiment, where the text to be read and memorized was made visible to the
participants in a space above the keyboard and it disappeared once the participants
were ready to eye-type. An initial dwell time of 800 ms was set, in addition to 250
ms of activation time, which was the minimum amount of dwell time required for the
key before it showed visual feedback.

The trials, which were self-paced, were repeated five times in a row, to generate
a session. A session consisted of either five easy trials or five difficult trials. The
participants performed eight sessions in total, with two sessions in a single day, thereby
repeating the experiment on four different days. From the two sessions performed on

Figure 4.1: A schematic of a trial in the experiment. The trial consists of the tasks
(1) reading and memorizing, (2) eye-typing the memorized sentence and
(3) answering a question on the effort applied during the eye-typing.
Reprinted from [15].
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Figure 4.2: A schematic of the experiment design to examine the effects of cogni-
tive load on eye-based metrics during eye-typing. The experiment is
repeated on four days, and the two sessions on each day have five trials
each, which are either easy or difficult. Reprinted from [15].

the same day, one was easy and the other difficult, and the order of the easy and
difficult sessions was counterbalanced for each participant, throughout the four days.
Figure 4.2 depicts the experiment design.

Eighteen participants (nine males and 10 females, with age = 25.5 years ± 2.4)
completed the experiment on all four days. The participants were university students.
Ten participants performed the experiment in English, and the rest, who were native
Danish speakers performed it in Danish.

4.2 Results
After confirming, using subjective questionnaires, that the difficult sentences were also
perceived as more difficult by the participants than the easy sentences, we examined
the relative pupil size for indications of the cognitive load at the peak of memorization.
During analysis, we selected 300 ms epochs from the trial representing reading start,
reading end, writing start, and writing end, to delineate the cognitive load. The
writing start and end denoted the start and end of the eye-typing, respectively.

In Figure 4.3, we have shown the relative pupil size, averaged for a duration of 300
ms close to the events defined by the epochs. We can see that the relative pupil size
was positive for reading start and end and writing start, indicating pupil dilation dur-
ing these events. The relative pupil size increased at reading end, compared to reading
start for easy sentences (the orange lines), which indicated that the participants had
the sentence in memory at this point, similar to the increase in the pupil size during
a pause between listening to the digits/words and recalling it aloud [80]. There was
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(a) (b)

Figure 4.3: (a) Absolute pupil size and (b) relative pupil size for the phases of
reading start, reading end, writing start and writing end. The error
bars depict standard error. Reprinted from [15].

a slight decrease in the relative pupil size at the beginning of writing, followed by
pupil constriction at the end of writing. The pupil constriction was an indication
of having finished the task. For the difficult sentence, the pupil size during reading
start was slightly higher than during reading end. We hypothesize that it could be
a sign of the shock of perceiving the difficulty of the sentence during the first look,
and when the sentence was memorized, the pupils were still dilated but the effect of
shock was removed. The difference in the relative pupil size was not different for the
easy and difficult trials. A possible explanation for this could be that even the easy
sentences were slightly difficult and generated cognitive load. Another explanation
for the lack of difference could be that the participants gave up on memorizing the
complete difficult sentence, affecting the relative pupil size.

We also computed low/high index of pupillary activity (LHIPA) and observed
the effects of cognitive load, in terms of the perceived difficulty score, as depicted
in Figure 4.4. As expected, LHIPA decreased with increasing cognitive load. The
LHIPA has been shown to work in different lighting conditions, from 30 lux to 520
lux, in n-back experiments with the participants, stabilized using a chin rest [50], and
with our data, we were able to show that it could also be used in conditions without
head-restrain.

The blink metric blink frequency was higher for the difficult trials than the easy
trials and inter-blink duration was higher for the easy trials (see Figure 4.5). This
indicates that during a difficult trial, the participants blinked more often, but the
time between the blinks were higher. These results are similar to the results obtained
on blink metrics during a secondary auditory task with a primary driving task [133].
This could indicate that the eye-based metrics respond to increased memory workload
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Figure 4.4: LHIPA plotted versus the perceived difficulty scores, from easy – 1 (or-
ange) to difficult – 7 (purple). The error bars depict standard error.
Reprinted from [50].

during eye-interactive tasks corresponding to a secondary non-visual task performed
simultaneously with a visual task.

We observed the effect of the order of the easy and difficult sessions on the cog-
nitive load and performance, using the perceived difficulty scores and typing speed,
respectively (see Figure 4.6). When the first session in the day was easy, and it was
followed by a difficult session, the typing speed did not vary between the sessions,
although the perceived difficulty of the difficult session was higher than that of the
easy session, by ∼ 1.9. When the difficult session was completed first, the difficult
session was rated to be higher than the easy session by ∼ 1.6, however, the typing
speed increased by 1.5 WPM on the second easy session. This indicates that a more
difficult task, when performed before an easy task causes the performance on the
easy task to increase. This could have applications in real-life, such as teaching in
classrooms, where a strategy of separating tasks and lessons based on their difficulty
could be introduced.
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(a) (b)

Figure 4.5: The blink features – (a) Blink frequency and (b) inter-blink duration
plotted versus the perceived difficulty scores, from easy – 1 (orange) to
difficult – 7 (purple). The error bars depict standard error. Reprinted
from [15].

4.3 Concluding remarks
In this chapter, we have summarized the results of cognitive load detection during
an eye-typing experiment. The cognitive load was varied using memory-based tasks,
requiring able-bodied participants to memorize sentences of varying difficulty. Eye-
based metrics such as blink frequency, relative pupil size were correlated with the
cognitive load.

• Memorization of sentences was established to induce cognitive load, by recording
the perceived difficulty by the participants after every sentence.

• The pupil size showed effects of the cognitive load, and increased from baseline,
and was highest during the period the sentence would be in the memory.

• Blink frequency increased in response to a visual task (eye-typing) combined
with a difficult secondary non-visual task (memorization).
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(a) (b)

Figure 4.6: Difference between the session 2 data and session 1 data for (a) the
typing speed and (b) the perceived difficulty score for blocks A and B,
where:
Block A: Easy session 1 is followed by difficult session 2, and
Block B: Difficult session 1 is followed by easy session 2.
The error bars depict the expression of standard errors (SE) propagation:√

SESession1 + SESession2. Reprinted from [15].
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CHAPTER5
Eye-based metrics

used to detect mental
fatigue

The current chapter summarizes the findings of a systematic review on eye-based
metrics useful for detection of mental fatigue. Using the preferred reporting items
for systematic reviews and meta-analyses, we searched in five databases, resulting
in 34 papers that studied the progress of mental fatigue and measured it using eye-
based metrics. We have included papers that have obtained features of eyes, using
eye-tracking, EOG or EEG, and confirmed the presence of fatigue using subjective
questionnaires, attention tests, or other modalities such as heart-rate variability.

Here, we summarize the results on eye-based metrics, into the following categories
– pupil size, saccades, fixations, blinks, and eye activity – obtained from the 34 papers
and their relations to mental fatigue. We have used tables to provide an overview
of the studies using the different categories. In the tables, with the fatiguing task,
the gaze recording task is provided, in brackets, if it differs from the fatiguing task.
The experiment can be broken down into sections called trials, and trial duration
provides the duration between subjective fatigue questionnaires. The features are the
section-specific eye-based metrics. Fatigue confirmation was done using either fatigue
questionnaires, attention tests, or using physiological responses such as HRV or EEG.
Modality is one of the following: eye-tracker, EOG, camera, or EEG.

A copy of the paper is provided in Appendix B.1.

5.1 Pupil size
Table 5.1 provides an overview of the studies used to measure mental fatigue using
pupil-based features. As observed from the second column of the table, the experiment
was performed in a controlled laboratory environment for most of the studies, using
a cognitive task to induce fatigue. In these cases, the pupil size was recorded during
the fatiguing task. In the real-life application task of aircraft flying [94], the gaze
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recording was not performed simultaneously as the fatiguing task, but before and
after the task, using an eye-tracking Fitness Impairment Tester (FIT). FIT measures
the pupil constriction and latency of the constriction in response to moving flashes of
light.

The features of pupil size computed were baseline pupil diameter and normalized
baseline pupil diameter depicting the tonic changes in pupil size, peak pupil dilation,
mean pupil dilation and pupil dilation slope depicting the phasic changes, and pupil
constriction amplitude and latency in response to light.

Electrophysiological experiments in non-primates have been used to show that
tonic pupil size and locus coeruleus (LC) activity, depicted by the release of no-
radrenaline (NE), have a close and direct relationship, and they vary in a similar
manner [8]. LC neurons have two modes of firing – high frequency, or phasic activity
and low frequency, or tonic activity.

LC activity has been related to performance on a task in an experiment with
non-primates, where good performance and increased focused attention (and task en-
gagement) was observed when the LC had moderate tonic activity and increased pha-
sic activity, and performance and attention deteriorated when the LC had increased
tonic activity and reduce phasic activity. Additionally, LC activity is reduced at low
levels of arousal that accompany drowsiness, which corresponds to low attention lev-
els. The relation described above is inverted U-shaped, similar to the Yerkes-Dodson
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Figure 5.1: Adaptive Gain Theory: Relation between the task performance and
tonic LC activity, depicting the various modes of working. Adapted
from [10] and [73].
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Table 5.1: A list of studies that computed features based on pupil size and analyzed
it with respect to mental fatigue.

Study Fatiguing
task (Gaze
recording
task)

Experiment
duration
(Trial
duration)

Pupil-based feature Fatigue con-
firmed using

Modality

[33] Cognitive
task

2.67 hrs Normalized baseline
pupil diameter

Current fatigue
question

Eye-
tracker

[73] Cognitive
task

2 hrs (18
min)

Baseline pupil diameter Current fatigue
question

Eye-
tracker

[72] Cognitive
task

1 hr (10
min)

Baseline pupil diameter
Peak pupil dilation

Current fatigue
question

Eye-
tracker

[74] Cognitive
task

1.5 hrs
(15 min)

Baseline pupil diameter Current fatigue
question

Eye-
tracker

[75] Cognitive
task

1.8 hrs
(18 min)

Baseline pupil diameter
Peak pupil dilation

Current fatigue
question

Eye-
tracker

[94] Aircraft
flying task
(FIT)

1.2 ±
0.62 hrs

Baseline pupil diameter
Pupil constriction ampli-
tude
Pupil constriction la-
tency

Current fatigue
question

Eye-
tracking
FIT

[97] Simulated
construc-
tion task

1.67 hrs
(12 min)

Mean pupil diameter
Percent change in pupil
diameter

Stanford sleepi-
ness question-
naire + NASA-
TLX

Eye-
tracker

[109] Cognitive
task

40 min (3
min)

Pupil dilation range Karolinska
sleepiness ques-
tionnaire

Eye-
tracker

[115] Listening
task

50 min
(20 min)

Pupil dilation slope Visual Ana-
log Scale for
Fatigue

Eye-
tracker

[114] Listening
task

40 min
(15 min)

Pupil dilation slope Current fatigue
question

Eye-
tracker

[169] Cognitive
task (Natu-
ral viewing
task)

34 min (3
min)

Mean pupil dilation Current fatigue
question

Eye-
tracker

Note: min: minutes, hr(s): hour(s), FIT: Fitness Impairment Tester

relation between performance and arousal, except LC activity replaces the arousal.
Aston-Jones et al. explained the above relationship of LC activity and task en-

gagement, and the resulting task performance using the adaptive nature of the LC,
in a theory called the adaptive gain theory [8] (see Figure 5.1). According to this
theory, if the ongoing task has high rewards, exploiting the task and achieving high
performance on the task is advantageous. An increase in focused attention from task
engagement, in this case, is brought upon by the release of NE via moderate tonic
LC activity and high phasic LC activity in a phasic mode of LC. This is associated
with increased phasic changes in stimulus-related pupil dilation. Conversely, if the
rewards gained from the task are low, or it is no longer advantageous to continue
with the task, tonic LC activity increases as does tonic pupil size, resulting in disen-
gagement from the ongoing task, reduction in task performance, and exploration of
other opportunities.
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The use case for this thesis is the third mode of action, where the tonic LC activity,
as well as performance, is low, in a state of low arousal, called the hypoactivity mode [9]
or the disengagement mode [73]. In this mode, the low tonic LC activity is associated
with a reduction in tonic as well as phasic changes in pupil size, and this has been
shown to relate to mental fatigue [73]. Hence, reduction in peak pupil dilation, as
well as baseline pupil diameter, are attributed to increased mental fatigue. This also
builds on the observation that activity from the LC neurons ceases during REM sleep
[8], so further reduction of tonic LC activity would be characterized by sleep.

Pupil response to light was also examined for effects of mental fatigue in one
study [94]. Pupil constriction amplitude, in response to a light source, reduces with
increasing mental fatigue. Pupil response to light has been studied extensively in
pain research [37, 39, 125], as it is known to react to the presence of pain in a similar
manner. This might indicate that some cognitive processes might be common between
pain and mental fatigue.

Finally, pupil dilation range was shown to increase as mental fatigue increased
[109]. The researchers did not explain the origin of the feature, however, it could be
an indication of increased instability in physiological response due to fatigue [46].

5.2 Saccades
The studies that measured mental fatigue using saccade-based features are depicted
in Table 5.2, and all except two studies used a high sampling frequency eye-tracker,
with a sampling frequency of 240 Hz or higher. The rest two studies used a 120 Hz
Tobii eye-tracker [134] and a camera (unknown sampling frequency) [138] to record
saccadic data.

The tasks used by the studies to record the gaze data generated voluntary saccades,
using free visual exploration, cognitive task or attention task, or pro-saccades using
a guided saccade task. A guided saccade task constitutes a moving visual stimulus,
which is to be followed on the screen, generating saccades towards the stimulus, called
pro-saccades. Compared to the tasks used for recording pupil-based features, the
tasks used in these studies were more varied, including real-life tasks such as driving,
surgery duty, and aircraft flying. However, in most of these application-based tasks,
there was no gaze recording during the fatiguing task, but an additional gaze recording
task, such as a guided saccade task, was performed, before and after the fatiguing
task.

Saccade peak velocity reduces with increasing mental fatigue and was the feature
with consistent results with respect to mental fatigue [42, 46, 44, 109, 121, 134, 138].
Saccade magnitude also reduces [35, 134], but saccade duration [46] increases with
increasing mental fatigue. Superior colliculus, involved in the generation of saccades
[1], is also involved in attentional networks, and could thereby affect the saccade
features [8]. The neural mechanism that regulates the saccade feature generation in
a state of fatigue is not yet understood.
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Table 5.2: A list of studies that computed feature based on saccades and analyzed
it with respect to mental fatigue.

Study Fatiguing
task (Gaze
recording
task)

Experiment
duration
(Trial
duration)

Saccade-based Feature Fatigue con-
firmed using

Modality

[35] Circadian
rhythm &
free visual
exploration
task

25 min (6
min)

Saccade mean velocity
Saccade magnitude

Eye-
tracker

[42] Cognitive
task (Sac-
cade task)

2 hrs Saccade peak velocity-
magnitude slope

Borg Scale of
Perceived Exer-
tion

Eye-
tracker

[46] Driving
task (Sac-
cade task)

2 hrs Saccade duration
Saccade peak velocity

Chalder Fatigue
Scale

Eye-
tracker

[45] Driving task 2 hrs Saccade frequency Eye-
tracker

[43] Surgery
duty (Sac-
cade task)

13-18 hrs Saccade peak velocity-
magnitude slope

Borg Scale of
Perceived Exer-
tion*

Eye-
tracker

[44] Aircraft
flying task
(Saccade
task)

1-2 hrs Saccade peak velocity-
magnitude slope
Saccade mean velocity-
magnitude slope
Saccade duration-
magnitude slope
Saccade peak velocity
Saccade mean velocity
Saccade magnitude
Saccade duration

Eye-
tracker

[47] Aircraft
flying task
(Saccade
task)

2.5 hrs Area under curve of
saccade peak velocity-
magnitude slope

Borg Scale of
Perceived Exer-
tion

Eye-
tracker

[94] Aircraft
flying task
(FIT)

1.2 ±
0.62 hrs

Saccade mean velocity Current fatigue
question

Eye-
tracking
FIT

[109] Cognitive
task

40 min (3
min)

Saccade peak velocity
Saccade duration

Karolinska
sleepiness ques-
tionnaire

Eye-
tracker

[121] Saccade
task

1.13 hrs
(16 min)

Saccade peak velocity
Saccade accuracy
Saccade latency

Visual Ana-
log Scale for
Fatigue

Eye-
tracker

[134] Verbal rea-
soning task
(Attention
task)

2.5 hrs Saccade peak velocity
Saccade magnitude

Samn-Perelli
scale + atten-
tion test

Eye-
tracker

[138] Cognitive
task

40-50
min (4.66
min)

Saccade peak velocity Current fatigue
question

Camera

Note: hr(s): hour(s), *: adapted/modified

Some researchers have studied the relations between the main-sequence slopes
and mental fatigue and found a relation between the saccade peak/mean velocity-
magnitude slope and mental fatigue, but not for saccade duration-magnitude slope
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[46]. A possible explanation for these associations could be that saccade peak/mean
velocity as well as magnitude reduce as mental fatigue increases. If the reduction in
the velocity is greater than the reduction in magnitude, the main-sequence could still
be valid, with just a different slope. For saccade duration-magnitude slope, an increase
in mental fatigue has been associated with changes in the opposing directions for
saccade duration (increase) and magnitude (decrease), and the simultaneous changes
would likely not result in a directional change in the slope. However, these are our
speculations from a mathematical point of view; the authors have not provided an
explanation for these observations [46, 43, 44].

5.3 Fixations

Table 5.3: A list of studies that computed feature based on fixations and analyzed
it with respect to mental fatigue.

Study Fatiguing
task (Gaze
recording
task)

Experiment
duration
(Trial
duration)

Fixation-based feature Fatigue con-
firmed using

Modality

[35] Circadian
rhythm &
free visual
exploration
task

25 min (6
min)

Mean fixation duration Eye-
tracker

[42] Cognitive
task (Sac-
cade task)

2 hrs Microsaccade peak
velocity-magnitude
slope
Mean drift velocity

Borg Scale of
Perceived Exer-
tion

Eye-
tracker

[45] Driving task 2 hrs Microsaccade peak
velocity-magnitude
slope
Microsaccade mean
velocity-magnitude
slope
Microsaccade duration-
magnitude slope
Microsaccade peak ve-
locity
Microsaccade mean ve-
locity
Microsaccade magnitude
Microsaccade duration

Eye-
tracker

[93] Attention
& cognitive
task

0.5 hr Mean fixation duration
per event
Number of fixations per
event
Fixation distance

SAM fatigue
scale

Eye-
tracker

[109] Cognitive
task

40 min (3
min)

Fixation duration Karolinska
sleepiness ques-
tionnaire

Eye-
tracker

Mean fixation duration was measured in three studies, and it was found to reduce
with increasing mental fatigue in one while showing no notable pattern with respect
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to time-on-task for the others [35, 109, 93]. For one study, mean fixation duration
was shown to be more sensitive to effects of circadian rhythm than time-on-task [35].
Fixation distance, or the variation in the gaze-points during a fixation, increased
with increasing mental fatigue, also indicating an increased fixation instability due to
mental fatigue [93]. Along similar lines, the drift velocity was shown to increase with
increasing mental fatigue [42].

Other features of fixations include microsaccadic and drift features. Microsaccade
features such as peak and mean velocity, duration, and magnitude reduced with
increasing mental fatigue in a study using a 2-hour driving task [45]. Similar to the
saccade features, slopes of microsaccade main sequence were computed and analyzed
with respect to mental fatigue, and found to show a reduction with increasing mental
fatigue [42, 45].

5.4 Blinks
As shown in Table 5.4, measurement of mental fatigue, induced via different tasks
such as cognitive task, driving, simulated construction or spacecraft control tasks,
using blink-based features can be done using a range of modalities – eye-tracker,
EOG, photovoltaic cells, and EEG.

Blink frequency or blink count have been used to detect mental fatigue in multiple
studies. Blink frequency has been shown to increase with increasing mental fatigue
[29, 45, 62, 68, 97]. There are various theories that attempt to explain this relation.
We have previously observed the blink suppression that accompanies difficult visual
tasks [148], which can lead to compensation at the end of the task, in order to restore
moisture [52]. Blinks are known to relate directly to the neurotransmitter activity of
dopamine [52, 79], which explains the lower blink frequency observed in Parkinson’s
patients, in whom the dopamine neurons are known to degenerate [100]. Dopamine
is involved in the neural networks used in the processing of rewards as well as the
decision-making process using the costs and rewards earned from the current task [27].
The levels of dopamine reduce when the rewards obtained from performing the task
do not meet the expectations, which would lead to the feeling of fatigue, and reduce
the blink frequency. The balance between the reduced dopamine and the increased
need for compensation blinks could be the cause for increased blink frequency due to
increased mental fatigue.

Within the studies, seven different features of blink duration were tested for ef-
fects of mental fatigue; these were the mean, median, normalized, variance, standard
deviation, variation coefficient, and blink duration per minute. Of these, only the
blink duration per minute and the variation coefficient of the blink duration varied
with mental fatigue. The blink duration per minute increased with mental fatigue;
however, the variation coefficient decreased with increasing mental fatigue. A reduc-
tion in the variation coefficient of the blink duration with increasing mental fatigue
can be explained by the mean blink duration, which increases with increasing mental
fatigue, and the variation coefficient is the ratio of the standard deviation to the mean.



58 5 Eye-based metrics used to detect mental fatigue

Table 5.4: A list of studies that computed feature based on blinks and analyzed it
with respect to mental fatigue.

Study Fatiguing
task (Gaze
recording
task)

Experiment
duration
(Trial
duration)

Blink-based feature Fatigue con-
firmed using

Modality

[29] Custom cog-
nitive task

1 hr (16
min)

Blink count Visual Ana-
log Scale for
Fatigue

Camera

[45] Driving task 2 hrs Blink frequency Eye-
tracker

[64] Driving task 2.5 hrs
(1.5 hrs)

PERCLOS Profile of Mood
States*

Eye-
tracker

[62] Custom cog-
nitive task

4-5 hrs
(190 min)

Blink frequency
Median blink duration
Long blink ratio

Multidimensional
Fatigue Inven-
tory*

Eye-
tracker

[68] Cognitive
task

2.5 hrs Blink count
Mean blink duration

Visual Ana-
log Scale for
Fatigue

Eye-
tracker

[76] Cognitive
task

1 hr (8
min)

Standardized blink
count
Standardized blink burst
count
Standardized blink burst
frequency
Standardized blink du-
ration
Standardized blink
velocity

Jikaku-sho
Shirabe test

Photo-
voltaic
cell

[97] Simulated
construc-
tion task

1.67 hrs
(12 min)

Blink count
Mean blink duration

Stanford sleepi-
ness question-
naire + NASA-
TLX

Eye-
tracker

[102] Attention
task

20 min (7
min)

Normalised blink ratio
Blink probability

EOG

[109] Cognitive
task

40 min (3
min)

Mean blink duration
Blink frequency

Karolinska
sleepiness ques-
tionnaire

Eye-
tracker

[145] Spacecraft
control task

1.75 hrs
(15 min)

Mean blink duration
Variance of blink dura-
tion
Standard deviation of
blink duration
Variation coefficient of
blink duration

Current fatigue
question

EEG

[152] Control
of space
vehicle

20 min
(10 min)

Mean blink duration Eye-
tracker

[169] Cognitive
task (Natu-
ral viewing
task)

34 min (3
min)

Blink duration per
minute

Current fatigue
question

Eye-
tracker

Note: *: adapted/modified, min: minutes, hr(s): hour(s)

The mean blink duration was also tested by five studies [68, 96, 109, 145, 152], with
mixed results. One study showed a decrease in mean blink duration with increasing
mental fatigue [145], while another reported no significant results [152].
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A variation on blink duration, namely the blink closing duration, increased with
increasing fatigue [147], as confirmed by Yamada and Kobayashi [169]. PERCLOS,
another derivative of blink duration, which stands for the percentage of closure of
pupils, showed inconsistent results across the two studies that computed it [152, 64].

5.5 Features with higher sensitivity to mental fatigue
than to sleepiness

We have developed criteria to assess the quality of studies measuring mental fatigue
using eye-based metrics. The criteria and the quality of the studies based on the
criteria are provided in the appendix [16].

Two items on the criteria address the confounding effects of sleepiness and mental
fatigue. These two criteria assess if the participants had a good night’s sleep, and
sleepiness will not affect the mental fatigue, and if the experiment was performed at
a similar time for all participants, to not have the effect of circadian rhythm on the
mental fatigue results. We have used these two criteria, in addition to the criterion
of not having dim or dark environments during the experiment. The last one was
addressed, after coming across the use of dim or dark environments in 17 (50%) of the
papers. None of the 17 papers specified the luxmeter reading for the dim environment,
and this setting in experimental design is questionable, with respect to the effects
of dim environments in inducing drowsiness in sleep studies [164]. Using criteria
that ensured that sleepiness was not a confounding factor, we identified five studies
[33, 46, 42, 43, 159], which yielded seven features, which are expected to be sensitive to
mental fatigue – normalized baseline pupil diameter, saccade peak velocity-magnitude
slope, microsaccade peak velocity-magnitude slope, saccade duration, saccade peak
velocity, mean ocular drift velocity, and EEG-derived eye activity per minute. These
features could have a high sensitivity to mental fatigue.

We note here, that none of these features include blinks, which could be an indi-
cation of blinks being more sensitive to sleepiness than mental fatigue.

5.6 Prediction of mental fatigue
The relation between the features and mental fatigue, as described above, was ob-
tained for the studies that performed the descriptive or classical statistical analysis.
There were three papers out of the 34 included papers that performed inferential
analysis using machine learning to predict mental fatigue using various features.

Gao et al. corresponded mental fatigue to PERCLOS during a one-hour cognitive
task performed in the morning and after lunch [61]. Features derived from blinks,
such as blink duration, the closing time of the eyelids, closure time of the eyelids,
velocity of opening the eyelids, etc., from slow and rapid eye movements were used
with support vector machine (SVM) regression models. The target variable was the
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standardized value of PERCLOS, which was assumed to be equal to the fatigue level.
The prediction results were evaluated using mean squared error, found to be less than
0.01 for five of the eight sessions performed.

Li et al. have used a day shift of traffic control operators to study and predict
mental fatigue arising from a shift on the job [96]. The features used were computed
from a technique of gaze-bin analysis, where the eye-tracking data is represented in
the form of a histogram and can be used to calculate gaze entropy and gaze velocity,
which were used to predict mental fatigue. The ground truth was taken as the score
obtained on the Samn-Perelli fatigue scale combined with the response time on an
additional attention test, classifying the participants to be alert, if the score was less
than 4 and response time less than 0.5 s, otherwise fatigued, which were the two target
classes predicted using the data. The accuracy of classification using semi-supervised
bagged trees was 89%.

Yamada and Kobayashi induced mental fatigue using a cognitive task performed
for 0.5 hour [169]. Features derived from four sets – oculomotor-based (pupil, blinks,
and saccades), saliency-based, eye movement directions, and gaze allocation (entropy
and probability of gaze bins) were used to classify the data into two classes – non-
fatigued, before the experiment, to fatigued, at the end of the experiment. Using
SVM and all the features mentioned above, an accuracy of 91% was achieved.

5.7 Limitations of literature
We would like to note here some of the limitations that the current literature has, on
mental fatigue measurement using eye-based metrics.

• Many studies used real-life tasks, such as surgery duty [43], aircraft flying
[94, 44], traffic control [96] to examine the effects of mental fatigue from the
tasks, however, the studies did not take advantage of the non-invasive equip-
ment by recording gaze during the tasks but rather added a gaze-recording task
before and after the fatiguing tasks. The use of technology such as eye-trackers
and EOG, which have been brought to wearable glasses, provides a unique op-
portunity of appending it to real-life situations and obtaining gaze data. This
has been a missed opportunity in literature, up to now.

• Mental fatigue can be a major problem for people with cerebral palsy, ALS,
neurological disorders, or concussion, and it is important to study the progress
of mental fatigue in the target population. However, there have not been stud-
ies examining the effect of performing tasks on mental fatigue, in the target
population. There are studies that compare mental fatigue between healthy
controls and patients, however, this provides an understanding of fatigability
in the patients, rather than fatigue itself.
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5.8 Limitations of the literature review
There are also some limitations of the literature review. Mental fatigue or cognitive
fatigue is still not a recognized concept, which we can see by papers not specifying
it. Researchers use fatigue in a casual and vague manner, encompassing all kinds of
fatigue types. Cazzoli et al. attempted to dissociate the effects of time on task and
chronotype on fatigue detection via eye movements [35]. The paper does not mention
mental fatigue, although the experiment design includes cognitive tasks and the au-
thors analyze the effects of performing the cognitive task for an extended amount of
time, which is the basis of inducing mental fatigue. Gao et al. studied driving fatigue
using a one-hour experiment, with a cognitive task of reacting to road signs by press-
ing a button of the same color, generating mental fatigue [61]. But the terms mental
fatigue or cognitive fatigue were missing throughout the paper, and the fatigue was
rather equated to driving fatigue, without any driving involved in the experiment.
For these papers to be included in the literature review, the criteria of the papers
specifying either mental fatigue or cognitive fatigue had to be relaxed. However, this
led to the inclusion of papers that include a partially cognitive and partially physi-
cal task of monotonous driving, which conducted the experimental task for a certain
duration, although mental fatigue could not be easily identified [159, 64].

5.9 Concluding remarks
In this chapter, we gathered the use-cases of eye-based metrics to detect mental fatigue
in the literature. We assessed the quality of the studies in the literature, and have
presented the most-promising features that might be sensitive to mental fatigue.

• Saccade peak velocity was one of the most promising features, which could be
used to measure mental fatigue in a variety of situations, in a laboratory and
real-life conditions such as aircraft flying.

• Baseline (absolute) pupil size was a feature that could have the potential of
measuring mental fatigue in stable lighting and laboratory conditions.

• Blink-related features were found to be the least sensitive to mental fatigue,
determined in terms of the experimental conditions used by the studies that
employed them.

• The task type or task duration could not be linked to a particular feature, for
inducing and measuring mental fatigue.

• We have provided a set of criteria to assess the quality of studies and papers,
in reporting mental fatigue detection using eye-based metrics, that could allow
replication of the studies.
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We have pointed out the limitation of literature in not exploiting the benefits
of the non-intrusiveness of eye-tracking, to measure mental fatigue during real-life
activities such as aircraft flying, health-care or control of complicated systems such
as in construction and traffic control. In the next chapter, we will demonstrate a
possibility of such use, by detecting mental fatigue during an eye-interactive task.



CHAPTER6
Mental fatigue

prediction
Prediction of mental fatigue has been mostly implemented using binary classifica-
tion, with classes defined as alert or fatigued [117]. However, mental fatigue is not
experienced as a switch, feeling either a state of fatigue or alert. Rather, it is an
accumulative process with a gradual change from a state of alertness to a fatigued
state [117]. Furthermore, the ground truth used in most studies is a threshold of
fatigue score, obtained on subjective questionnaires. The studies themselves do not
provide or use a threshold to determine the incidence of fatigue. As a result, mental
fatigue could be predicted on a more continuous level and not classified into binary
classes. This would also promote fatigue management research, for example, on the
development of interfaces that interject breaks to counteract mental fatigue [109], by
providing a higher granularity in fatigue level and allow personalization for individu-
als.

There are multiple studies that have measured mental fatigue using various eye-
based metrics, as summarized in chapter 5. Eye-tracking, being non-invasive, pro-
vides a unique opportunity to be used in various settings, using remote eye-trackers
in screen-based settings or when the task requires free movement, using wearable eye-
trackers. However, even when the studies are performed outside of laboratories, such
as when controlling aircrafts [44, 47, 94] or when coordinating traffic [96] or construc-
tion equipment [97], the gaze data was not collected during the fatigue-inducing task
but small tasks were additionally performed before and after the fatigue-inducing
tasks to record the gaze data.

In this chapter, we have predicted mental fatigue on an increasing six-level scale
during a cognitive task performed during eye-typing. We have measured mental
fatigue during eye-typing, an eye-interactive task, which is a common application-
based task for people using AAC systems in their daily lives.

A copy of the paper is provided in Appendix B.2.
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Figure 6.1: A schematic of the experiment design and the analysis methods used,
to examine the effects of mental fatigue on eye-based metrics during
eye-typing. The experiment is repeated for two sessions in a day, and
the two sessions have five trials each, which are either easy or difficult.
Each trial is followed by a perceived effort score between 1 and 7, and
each session has a fatigue level before and after. The two sessions result
in three recordings of the fatigue level – before the first session (initial
fatigue level), after the first session (intermediate fatigue level) and after
the second session (terminal fatigue level). The analysis is done in two
parts – machine learning and classical statistical analysis. Reprinted
from [14].

6.1 Methods
The data obtained using the experiment described in chapter 4 was analyzed further,
to predict mental fatigue using eye-based features. The experiment design and the
corresponding analyses used are depicted in Figure 6.1.

The metrics studied for the effects of mental fatigue are provided in Table 6.1. All
the metrics, except eye height, are normally studied metrics based on eye-tracking
and eye-typing. Eye height was studied, as we noticed during the experiments, that
some of the participants had gradually changed their posture during the experiment
and were not sitting upright by the end of the experiment. Therefore, the position
of the pupil in the vertical axis was recorded, and the relative change compared to
the position at the beginning of the experiment was computed, generating the metric
known as eye height.

Before and after every session, the participants were orally asked to rate their
fatigue level on a scale of 1 to 7. Prediction of mental fatigue on a continuous
scale was performed using regression algorithms. There was only one data point
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Table 6.1: Data category and metrics used to analyze data, and their definitions.
Reprinted from [14].

Data Category Metric (units) Computation method
Performance metrics

Performance Typing speed (WPM) Ratio of number of words typed, where one
word was counted as five characters, including
space key, and total trial time.

Corrected error rate
(%)

Ratio of number of backspace selections to total
characters typed in a trial

Uncorrected error rate
(%)

Equally weighted character and word error rate
for a trial, where error rate is the ratio of uncor-
rected character/word errors to total character-
s/words typed

Read text events ratio A ratio of time spent reading the text typed to
the trial typing time

Attended but not se-
lected rate

Ratio of time spent on keys attended, but not
selected, to total selected keys in the trial

Eye-based metrics
Pupil Baseline pupil diame-

ter (cm)
Absolute pupil diameter computed during 0.300
s period of non-interpolated time at the end of
5 s of inter-trial time, for every trial

Blink Blink frequency (Hz) Ratio of number of blinks to the trial time
Blink duration (s) Average duration of blinks during the trial
Inter-blink duration
(s)

Average time interval between consecutive
blinks in a trial

Blink burst ratio Ratio of the blink burst events to the blink fre-
quency

Eye Movement Saccade amplitude (◦) Distance traveled during saccades in a trial
Saccade duration (s) Average duration of saccades during the trial
Saccade peak velocity
(◦/s)

Mean of the highest velocity during a saccade,
denoting the fastest movement within the sac-
cade, during a trial

Posture Eye height (cm) Mean relative vertical position of the eye in a
trial

WPM denotes words per minute

with the fatigue level of 7, and so this data point was removed from the analysis,
as it would not be possible to have the data point in training as well as testing
sets. The prediction of mental fatigue was performed on six increasing levels. The
target variable of the fatigue level was imbalanced and had more data points with
fatigue level values of 2 and 3, compared to 1 and 6. To overcome this issue, we
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(a) (b)

Figure 6.2: Fatigue levels – initial, intermediate and terminal for (a) easy (or-
ange) followed by difficult (purple) session and (b) difficult (purple)
followed by easy (orange) session. The error bars depict standard error.
Reprinted from [14].

applied ensembling of algorithms. Partial least squares, an algorithm that works
similar to the principal component analysis, was selected to find the features for which
mental fatigue generates maximum variance, and would be sensitive to mental fatigue.
Support vector machines have been most commonly used to predict mental fatigue,
using various eye-based features, and was selected to compare the performance. The
support vector regression (SVR) was found to overfit the data and was combined with
bagging, to reduce the overfitting and improve the stability. Random forest algorithm
was used to attempt and capture the non-linearity in the data. Finally, decision tree
was used, with the attempt to find the threshold for the different features that could
determine the fatigue level. Being a weak learner, it was combined with adaboosting.

As depicted in Figure 6.1, we also used classical statistical tests to measure mental
fatigue, where mental fatigue was assumed to increase with increasing time-on-task,
which would mean that the terminal fatigue score would be higher than the inter-
mediate, which would be higher than the initial fatigue score. We also analyzed the
data for effects of cognitive load, using the perceived effort score provided by the
participants after every trial, in response to the effort question on the NASA-TLX.

Finally, after every session, we asked the participants to answer the questions
adapted from the NASA-TLX. The question on physical demand was specified as
eye-strain, as sitting on a chair was not expected to be physically demanding. We
will report on eye fatigue, based on the responses to this question.
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Figure 6.3: Histogram of the fatigue score.

6.2 Results
We confirmed the increasing mental fatigue using the subjective question on fatigue
answered by the participants at certain time intervals during the experiment, as
depicted in Figure 6.1. The fatigue level provided by the participants in form of the
score between 1 and 7 was analyzed to observe the effects of time and effort. The
intermediate fatigue score was higher than the initial fatigue score and the terminal
fatigue score was higher than the intermediate fatigue level, as depicted in Figure 6.2.
While the difficulty of the first session did not affect the fatigue level, the difference in
the terminal and intermediate fatigue score was higher after a difficult second session,
compared to an easy second session. This indicates that while the fatigue level was
affected by time-on-task, it increased more due to the combined effect of task difficulty
and time.

The prediction of mental fatigue was evaluated using mean absolute error (MAE)
and the variance in the data explained by the model, on five repetitions of five-fold
stratified cross-validation. Since the classes were unbalanced, as depicted in Figure
6.3, Monte Carlo simulations were performed with a target variable with the same
distribution as our target of fatigue level, to obtain a chance-level baseline MAE,
which was computed to be 1.487. The MAE obtained by the selected algorithms
were lower than the chance-level MAE. The lowest MAE was obtained using SVR,
however, it still overfitted on the training data, despite the use of bagging. The second-
lowest MAE was obtained using random forest, of 1.157, along with the highest
explained variance by the model, of 21%, after selecting features using recursive
feature elimination, implemented in Python using the SciKit library. The selected
features were – blink frequency, eye height, and baseline pupil diameter. On adding
objective task difficulty as a feature, the explained variance of the random forest
model increased to ∼ 30%.

Baseline pupil size, a feature selected by the machine learning algorithm, was a
promising feature studied in the literature review (described in chapter 5) to measure
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(a) (b) (c)

Figure 6.4: The features selected by the machine learning algorithm – (a) blink
frequency, (b) baseline pupil diameter, and (c) eye height plotted versus
time-on-task. The error bars depict standard error. Reprinted from [14].

mental fatigue. Similar to the studies in the literature review that computed base-
line pupil size, this experiment was performed in a laboratory, with stable lighting
conditions. We confirmed the increasing mental fatigue with objective data, via the
decreasing value of baseline pupil size, as depicted in Figure 6.4b.

Eye height was also included as a feature by the machine learning algorithm and
showed the participants slouching more into the chair as the experiment progressed.
This is indicated by the increasingly negative values of eye height, as the time-on-
task increases, in Figure 6.4c. This was an interesting observation because the focus
groups (described in chapter 2) had also revealed changes in posture to be an effect
of fatigue in people with CP and ALS, as noticed by special education teachers.

The third feature, and the most important one, according to the feature impor-
tance computation for the random forest model, was the blink frequency. In addition
to decreasing with increasing time-on-task, as shown in Figure 6.4a, blink frequency
showed effects of the perceived effort on the trial and increased with increasing per-
ceived effort. Based on the literature, we expected the blink frequency to increase
with increasing time-on-task, however, the results obtained were opposite. This is the
first study measuring both the cognitive states during an eye-interactive task, such as
eye-typing. A possible explanation for the deviation from the literature for blink fre-
quency could be that during the second session, the participants could have increased
the effort applied, and the increased concentration on the task could be associated
with reduced frequency of blinking. Blink frequency was the only feature selected
using the recursive feature selection, which also showed effects of perceived effort. It
being recognized as the most important feature could indicate the relation between
fatigue level and cognitive load, which was also depicted by the improvement in the
variance explained by the model on the addition of task difficulty to the machine
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(a) (b) (c) (d) (e)

Figure 6.5: Performance metrics – (a) typing speed, (b) corrected error rate and
(c) uncorrected error rate, (d) attended not selected rate (ANSR) and
(e) read text events (RTE) plotted versus time-on-task. The error bars
depict standard error. Reprinted from [14].

learning algorithm.
In addition to the eye-based metrics, we studied eye-typing performance metrics

for the effects of mental fatigue. The performance improved with time-on-task (see
Figure 6.5), indicating that the participants in the experiment were learning on the
task as they performed more trials. When these metrics are studied for veterans
in eye-typing, mental fatigue could result in a reduction or at least stabilization of
performance, with the users overloaded or increasing the effort on the task. However,
the relation between mental fatigue and performance requires more research, as there
was no notable pattern discerned from the studies included in the literature review
either.

(a) (b)

Figure 6.6: Eye fatigue – after (a) easy (orange) followed by difficult (purple) session
and (b) difficult (purple) followed by easy (orange) session. The error
bars depict standard error.
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Finally, eye fatigue was found to be 3.3 after a first easy session, which increased
to 4.5 after the subsequent difficult session, as depicted in Figure 6.6(a). When the
difficult session was performed first, the eye fatigue did not increase thereafter. This
indicates that eye fatigue level did not increase in a similar manner for different
session orders (easy-difficult and difficult-easy). This difference is similar to the dif-
ference recorded in performance and perceived effort during the session orders, shown
in Figure 4.6 of chapter 4. Although the eye-typing task was self-paced, and the par-
ticipants reported taking a break to rest the eyes between the trials, the eye fatigue
was high overall. The participants were not used to applying gaze control for inter-
actions, which could account for the high eye fatigue. However, we did not expect
similar results with the people who regularly use AAC systems, as we recorded eye
fatigue being the least problematic for them (see Figure 2.1 in chapter 2). We also
do not have the subjective reporting of the eye fatigue before the experiment, and if
the participants arrived for the experiment with high eye fatigue.

6.3 Concluding remarks
In this chapter, we have summarized the results of eye-based metrics that were used to
detect mental fatigue during an eye-typing task of varying cognitive difficulty, thereby
inducing cognitive load of varying levels.

• Mental fatigue increased after eye-typing tasks. The increase in the mental
fatigue was higher after eye-typing difficult sentences, compared to easy. The
combined effect of time and cognitive load was observed on the self-reported
mental fatigue, as a difficult task performed after an easy task resulted in a
higher level of mental fatigue, compared to a difficult task followed by an easy
task.

• Mental fatigue prediction on a continuous scale (with six levels) was demon-
strated to have higher accuracy (lower error) than baseline, thus, prediction on
a continuous scale was shown to be feasible. The data used for mental fatigue
prediction was extracted from eye-based features computed during one trial.

• We were able to explain the results of the machine learning algorithm, using
classical statistical tests to examine the relation between the features found to
be the most useful by the algorithm and the target variable (mental fatigue).

• Baseline (absolute) pupil size, which was denoted to have potential in the previ-
ous chapter, was one of the features selected by the algorithm to predict mental
fatigue.

• Blink frequency was also selected by the algorithm in the prediction of mental
fatigue. Although we have previously claimed that blink-related features might
be less sensitive to mental fatigue than the other eye-based features, we believe
that the selection of blink frequency might be attributed to it being sensitive
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to cognitive load (demonstrated in chapter 4), and this might be an indication
of the complex relationship between mental fatigue and cognitive load.

• We discovered a promising feature based on posture – eye height, that was also
selected for the prediction of mental fatigue. We note here that special education
teachers have also observed that people using AAC are fatigued, based on their
posture.
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CHAPTER7
Mental fatigue
detection using
smooth-pursuit

movement
In the previous chapter, we were able to show mental fatigue detection due to time-
on-task, during an eye-typing task. To further understand mental fatigue, we decided
to explore the effects of the time of day on mental fatigue. There were multiple
grounds for such an exploration. Firstly, in our discussion with the special education
teachers, time of day had emerged as a cause for mental fatigue, where some people
with neurological disorders required a break, including rest or sleep, at a certain time
in the day, to be able to continue with daily activities for the rest of the day. Secondly,
several studies have shown a variation in task performance and executive function,
such as decision making, at different times of day [165, 26]. A goal of the current
experiment was to investigate if such variations were caused by a variation in mental
fatigue.

The previous chapter described results on mental fatigue, using self-reported fa-
tigue questionnaire as the ground truth. In this experiment, we performed an atten-
tion test in addition to the self-reported questionnaire. Attention tests and diminished
performance on the tests are used to indicate mental fatigue objectively [97], based
on the hypothesis that mental fatigue can cause attention deficit. The digital form of
most common attention tests, such as the psychomotor vigilance test [48] and the at-
tentional network test [57] require a reaction to a stimulus via a mouse or a keyboard,
measuring the reaction time in milliseconds. However, for people using AAC, using
a mouse or a keyboard is not always possible. One of the goals of the current exper-
iment was to correlate the performance on attention tests to an accessible measure
obtained using eye-tracking.

We decided to employ smooth-pursuit eye movements in the experiment, to study
mental fatigue. Attention and other cognitive factors have been shown to affect the
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performance of smooth-pursuit eye movements, thereby affecting the smooth-pursuit
characteristics [149, 19, 91]; however, mental fatigue and its effect on eye movements
has not been studied in literature. Commonly studied smooth-pursuit characteristics
are gaze deviation, depicting the deviation of the gaze from the actual target position
and smooth-pursuit gain, which is a ratio of the gaze velocity and the target velocity.
Smooth-pursuit gain has been shown to reduce during performance of a secondary
task, depicting a reduction in attention on the smooth-pursuit [149]. Kosch et al.
have demonstrated, by comparing gaze deviation recorded during a smooth-pursuit
task alone to that recorded during an additional n-back task, that increased cognitive
load due to the n-back task results in an increase in the gaze deviation, indicating
impaired smooth-pursuit eye movement [91].

A copy of the journal paper, focusing on the subjective questionnaires and the
smooth-pursuit performance is provided in Appendix B.3, and a conference paper,
focusing on the working and the performance of the EyeTell application, which was
used to implement the smooth-pursuit eye movements for text entry, is provided in
Appendix C.2.

7.1 Methods
We used an eye-typing application, on an iPad, based on smooth-pursuit eye move-
ments – EyeTell, which did not require calibration, for the experiment. The keyboard
and its working, which estimated the gaze position on the iPad and compared it to
the target position, has been described in detail in section 3.2.3.2. Additional gaze
data was collected using a wearable eye-tracker – Tobii Glasses 2 and accessed using
a licensed version of the Tobii Pro Lab.

The experiment consisted of two sessions per participant: morning session and
afternoon session. Participants performed either the morning session first, in which
case the afternoon session would be performed on the same day, at least 3 hours apart,
or the afternoon session first, in which case the morning session would be performed
the next day. Each session consisted of a questionnaire, followed by calibration of the
eye-tracker, an attention test, performing the tasks and concluded with another set
of questionnaires, as depicted in Figure 7.1. The first session additionally consisted
of a practice trial before performing the tasks.

The questionnaire before the experiment (subjective questionnaire 1) consisted of
questions on sleep quality and quantity, from the night before, on the last caffeine
intake, and questions on self-reported mental fatigue, physical fatigue, and sleepi-
ness. The questionnaire on fatigue and sleepiness was derived from existing fatigue
questionnaires, combining questionnaires that measure types of fatigue [143] and the
questionnaires that assess the feeling of fatigue at the moment [126]. The fatigue and
sleepiness questions were repeated, and additionally, the NASA-TLX questionnaire
was filled, after the experiment (subjective questionnaire 2). The questionnaires were
implemented using the GDPR-adhering version of the LimeSurvey.



7.1 Methods 75

Figure 7.1: Timeline of a session in the experiment. Subjective questionnaire 1
includes questions on sleep, coffee intake, and fatigue and sleepiness.
Subjective questionnaire 2 includes the NASA-TLX questionnaire, and
fatigue and sleepiness questions. The eye-tracker calibration was for the
wearable eye-tracker: Tobii Glasses 2. The application EyeTell did not
require calibration.

A 10-minute Java version of the attentional network test was used in the experi-
ment to test the fatigue level objectively [57, 163]. Weaver et al. have demonstrated
that reaction time on the 10-minute version test correlated strongly with the measures
of the original 20-minute test [163].

The task was based on the experiment on cognitive load by Beatty et al. [80],
of memorizing four words, with a small change of eye-typing them, instead of verbal
recall. The task had two levels of difficulty – easy and difficult. The difficult words
were obtained from a list of rare danish words1, and the easy words were taken from
a list of common words in danish2, with the same character length as the difficult
words. With the two difficulty levels, we aimed to replicate the effect of cognitive
load on smooth-pursuit eye movements, shown by Kosch et al. [91].

Since the task of eye-typing was self-paced and the experiment was performed in a
well-lit room (∼ 300 lx), we did not expect the participants to experience eye fatigue.
However, after receiving complaints about eye fatigue, we orally asked the remaining
participants to rate the level of their eye fatigue, before and after the experiment.

Finally, a post-experiment questionnaire was sent to the participants, asking them

1https://dsn.dk/nyt/nyheder/2011/gamle-og-sjaeldne-ord-i-retskrivningsordbogen
2https://lhs2010a.skoleblogs.dk/files/2014/08/De-360-ord-ordliste.pdf

https://dsn.dk/nyt/nyheder/2011/gamle-og-sjaeldne-ord-i-retskrivningsordbogen
https://lhs2010a.skoleblogs.dk/files/2014/08/De-360-ord-ordliste.pdf
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(a)

(b)

Figure 7.2: The gaze positions (blue) and target positions (orange) in the cartesian
coordinates (labeled X and Y on the vertical axis) and polar angle
difference (pink) versus time for two selections – (a) correctly selected
target and (b) false selection by EyeTell. The green cross in the subplot
(a) depicts the smooth-pursuit onset detected. The horizontal dotted
lines in the bottom plots (polar angle difference) for both subplots (a)
and (b) indicate the angular limits. Reprinted from [12].
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to fill in a morningness-eveningness questionnaire (MEQ).
The data collected during the experiment consisted of the target selection events

and target positions generated during the eye-typing by EyeTell, updated with a fre-
quency of 30 Hz, and eye-tracking data during the experiment. The log file generated
by EyeTell did not contain the timing data and was synchronized to the eye-tracking
data using manual synchronization of multiple events of selection of a target through-
out the trial. Additional events of target selection were generated to measure the
offset between the two sources of data, and the offset was ensured to have a value
less than 0.5 s. Furthermore, the data was upsampled using linear interpolation,
to match the sampling frequency of 100 Hz, of the eye-tracking data. The target
positions obtained after the linear interpolation were matched to the gaze positions
obtained using the eye-tracker.

The data obtained using the wearable eye-tracker consisted of gaze positions, rel-
ative to the scenes recorded by a camera, which was a part of the glasses. The gaze
positions were mapped to a single representative snapshot for a trial, using a map-
ping feature of the Tobii Pro Lab, which was based on image processing and the
similarity between the representative snapshot and the remaining scenes during the
trial. The mapping feature documented the similarity in form of a score between 0
and 1, along with the mapped 2-dimensional gaze positions. The gaze positions were
linearly interpolated during missing data due to blinks, followed by Hampel filtered
using a radius of 15 samples (150 ms) around the current sample, which was used to
replace gaze positions greater than 2 standard deviations with a rolling median. The
gaze positions obtained were compared to the target positions obtained above.

The comparison of the gaze and target positions was performed after converting
the positions from cartesian coordinates to polar coordinates. The polar angles com-

(a) (b)

Figure 7.3: Performance measures (a) typing speed and (b) error rate for the two
trials and sessions. The error rate is classified into corrected error rate,
computed using the backspace selections and false selection error, de-
noted by the false selections by the EyeTell application. Reprinted from
[13].



78 7 Mental fatigue detection using smooth-pursuit movement

puted from the gaze data were subtracted from the polar angles of the target data,
generating polar angle difference. A 0◦ polar angle difference throughout the selec-
tion process would be obtained in the ideal case, indicating perfect smooth-pursuit
movements. The five targets in the inner circle were equi-angular, with 72◦ between
adjacent targets. A polar angle difference of 72◦ throughout the selection process
would indicate that an adjacent target was actually followed, and a false selection was
made, where the application selected a target not followed by the user. Therefore, an
angular limit was determined, that indicated whether or not the polar angle difference
resulted in a false selection. A median polar angle difference of (angular limit − 20◦)
was empirically determined, to indicate a false selection.

The polar angle difference was also used to find the onset of the smooth-pursuit
movement, for every selection. An initial movement classification was performed
using the velocity and velocity threshold identification [90], which identified periods
of saccades, fixations, and smooth-pursuit. The smooth-pursuit onset was refined
by identifying a period of 0.5 s, during which the polar angle difference was within
0.5 ∗ angular limit. Figure 7.2 depicts an example of the X and Y positions, on
the cartesian coordinate system, and the polar angle difference for both a correctly
selected target and a false selection. The gaze positions follow the target positions
in the correctly selected target (see Figure 7.2(a)) and the polar angle difference is
within the angular limits (gray dotted horizontal lines) after the smooth-pursuit onset
(green cross). However, in the false selection by EyeTell (depicted in Figure 7.2(b)),
the gaze positions on the cartesian coordinates do not match the target positions and
the polar angle difference does not lie within the angular limits.

The smooth-pursuit metrics of gaze deviation and smooth-pursuit gain were com-
puted using the gaze positions in the cartesian coordinates and polar coordinates,
respectively. The smooth-pursuit gain was replaced by angular velocity gain in this
experiment, and since it was a ratio of the gaze to target velocity, we assumed that

(a) (b)

Figure 7.4: The self-reported measures – (a) mental fatigue and (b) sleepi-
ness, recorded before and after the morning and afternoon sessions.
Reprinted from [12].
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the angular velocity gain would be an indication of the smooth-pursuit gain. The
data was processed to additionally obtain typing performance such as typing speed,
corrected error rate, and trial duration.

7.2 Results
Typing using the EyeTell application improved over the trials and sessions, as depicted
by the increasing typing speed and decreasing error rate in Figure 7.3. The NASA-
TLX score reduced slightly from session 1 to 2.

Figure 7.5: The MEQ classifications.

In contrast to our hypothesis, mental fatigue level was not higher before the
afternoon session, when compared to the morning (see Figure 7.4). In fact, the mental
fatigue level before the afternoon session was slightly lower than the fatigue level
before the morning session. This could be attributed to the age of the participants,
who were mostly in the age range of 18–37 years. Additionally, the responses of the
MEQ resulted in a majority of the participants being intermediate types, followed
by evening types. Only two participants were assigned as morning types. The MEQ
results are shown in Figure 7.5.

We expected the self-reported responses of fatigue to correlate with the attention
test results. Mental fatigue level before the session was not significantly different
in the morning and afternoon, which correlated with the results obtained from the
attention test. The attention test also did not show differences in the response time
or accuracy between the responses recorded in the morning or afternoon. Thus, the
smooth-pursuit performance was not tested further for effects of time of day.
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(a) (b)

Figure 7.6: Smooth-pursuit performance metrics (a) gaze deviation and (b) angular
velocity gain for the trial 1 beginning and trial 2 end. Reprinted from
[12].

The mental fatigue level increased after the experiment, compared to before. This
was an unexpected result, since the experiment was designed to consist of two trials,
in order to not cause mental fatigue due to time-on-task. On observing the effect of
time-on-task on mental fatigue, but not of time of day on mental fatigue or attentional
network test, we decided to test the hypothesis that the smooth-pursuit performance
would deteriorate as an effect of time-on-task. The increase in mental fatigue level
was higher in the afternoon, when compared to the morning. We hypothesize that
this indicates that the participants had a higher mental fatigability in the afternoon,
compared to the morning, which could result in the increased mental fatigue level
after the session.

The smooth-pursuit performance was evaluated using gaze deviation and angular
velocity gain. To investigate the effect of time-on-task due to eye-typing in a session,
the metrics were computed for the extremities of the session – 10 selections at the
beginning (trial 1) and 10 selections at the end (trial 2) of the session, resulting
in the computation of marginal gaze deviation and marginal angular velocity gain.
The marginal gaze deviation increased with time-on-task (see Figure 7.6), indicating
an increased variation in smooth-pursuit eye movement. The angular velocity gain
decreased with time-on-task, indicating a slowing down of eye movements at the
end of the session, compared to the beginning. Lower smooth-pursuit gain has been
related to lower attention, as a result of a secondary n-back task [149]. The increase
in mental fatigue could be associated with decreased attention, with similar effects
on the angular velocity gain.

The self-reported level of sleepiness showed the same effects of time-on-task and
time of day as mental fatigue. We had recorded both mental fatigue and sleepiness
level to be able to demonstrate the difference between the two, with respect to cogni-
tive load and time-on-task. The increased sleepiness after the experiment, compared
to before could be explained by the participants not being used to actively employing
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their eyes to type on the iPad, instead of their hands. This could have caused strain
on the eyes, which could have been interpreted as sleepiness. However, eye fatigue
was recorded for some participants and did not vary significantly from before to after
the experiment, as depicted in Figure 7.7.

7.3 Concluding remarks
In this chapter, we have summarized the results of using a smooth-pursuit based
eye-typing application, performing tasks of varying difficulty which result in varying
cognitive load, to demonstrate the effect of time-on-task and cognitive load on mental
fatigue. The experiment was performed at multiple times of the day to explore the
effects of time of day on mental fatigue.

• The self-reported mental fatigue increased with time-on-task, indicating a higher
mental fatigue level after performing the tasks compared to before; however,
time of day did not have an effect.

• The increase in mental fatigue after the tasks was higher in the afternoon. This
suggests that time of day could affect mental fatigability, rather than mental
fatigue itself.

• We were able to detect mental fatigue using impaired smooth-pursuit eye move-
ment performance.

• The experiment and the results depict a novel method of mental fatigue detec-
tion using natural eye movements.

Figure 7.7: The eye fatigue before and after the experiment.
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CHAPTER8
Discussion

This dissertation was motivated by the identification of mental fatigue as a major
problem in the everyday life of people with motor disabilities, and affecting their com-
munication, among other activities. Communicating with special education teachers,
we realized that mental fatigue is slowly being recognized as an issue that requires
addressing, among people with motor disabilities and in the field of special education.
Interestingly, this is a similar trend to the recognition of mental fatigue as being a
problem for the able-bodied population, and affecting the quality of life.

We focused on mental fatigue detection for people with motor disabilities, for
whom increased fatigue could impact their communication. People with motor dis-
abilities commonly use alternate and augmentative communication (AAC) systems,
which often utilizes eye-tracking technology to track the users’ gaze on an on-screen
keyboard. The most common method of key selection on an on-screen keyboard is via
dwell-time, by fixating on the key for a few hundred milliseconds. Although not all
AAC users type individual letters to form every word, they can use a similar method
of dwell-time for key selection, where the keys can be shortcuts to access different
services, such as browsing or messaging. Not all AAC users operate the same services,
but key selection via dwell-time is common to all AAC users using eye-tracking. In
the dissertation, we focused on text entry via eye-typing as a task.

The text entry services used by people with motor disabilities are specialized and
do not allow access into the typing process, which we believed could provide insights
into the cognitive state of the user. Data specific to eye-typing has shown to be
affected by cognitive load, using metrics such as attended not selected rate, comput-
ing the keys not completely selected. The two keyboards used in the dissertation
were OptiKey – an open-source QWERTY keyboard and EyeTell – a calibration-free
keyboard implemented on an iPad. Both the keyboards had their own advantages
and disadvantages. OptiKey allows all data and typing events to be saved, however,
it required a Windows operating system. EyeTell, being developed by a company,
could not record the exact characters typed, but only the type of selection, such as
character, backspace, and space; however, it did not require any calibration and could
be accessed using an iPad.

Mental fatigue is a feeling of exertion experienced after sustained cognitive pro-
cessing. For teenagers with motor disabilities attending school, mental fatigue could
be experienced, for example, after a period of stress from doing assignments using the
AAC. Some of the most common methods to induce cognitive load in experiments
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is verbal recall of multiple digits or motor reaction to certain stimuli. However, to
translate this kind of cognitive load to experiments without requiring motor or ver-
bal reactions by users, we focused on eye-typing, introducing cognitive load by using
tasks of sentence/word memorization.

Using eye-based metrics computed during an experiment on eye-typing memorized
sentences of varying difficulty level, we were able to infer that such a task-induced
cognitive load. Using the same experiment, we also determined that mental fatigue
experienced from a prolonged performance of the eye-typing tasks could be measured
using eye-based metrics. We were also able to predict mental fatigue on an increasing
continuous scale of 1 to 6. The experiment was designed on the keyboard OptiKey,
with a remote eye-tracker.

The next step was to test the setup with people with motor disabilities, to further
carry on the testing with them. However, we incurred several issues at this stage.
As mentioned above, OptiKey required a Windows operating system, along with a
remote eye-tracker. To allow the possibility for people with motor disabilities to
borrow our setup in case they did not have their own AAC yet or they preferred
it to their system, we used a low-cost eye-tracker, which might be lent to them for
extended daily use. Hence, we chose the Tobii eye tracker 4C, which provided stable
data and was flexible and inexpensive. When we tested the setup, for some of people
with cerebral palsy, the calibration step was a hurdle due to the extensive involuntary
movements and required 10 – 15 minutes, including requiring us to hold the head still
to allow the completion of the calibration step. For some of the other people with
motor disabilities, the setup of a laptop and an eye-tracker was not one that could
be easily accommodated in their customized setup of wheelchair and AAC. While
involving people with motor disability in the testing of our system was crucial, and
should have been done before performing the experiment, we could have run into a
possibility that the experiment would not have yielded results, and among others,
that mental fatigue could not be detected during an eye-interactive task.

As a next step, we decided to modify the experimental setup, by involving the
text entry application – EyeTell, which required neither calibration nor an extensive
setup, being on an iPad, both of which granted easier use with people with motor
disabilities. EyeTell used smooth-pursuit eye movements for text entry with an am-
biguous keyboard, allowing the application to be used with a small screen of a tablet.
Smooth-pursuit eye movements, although known to be affected by cognitive factors,
had not been examined with respect to mental fatigue. We decided to investigate the
effects of mental fatigue on smooth-pursuit eye movements.

As we have previously discussed, mental fatigue is slowly being recognized as an
issue to be addressed, which indicates that the understanding of mental fatigue among
the non-academic population is still lacking. While self-reported measures are used as
ground truth for mental fatigue, short tasks that test the attention of the user would
provide a better insight into the cognitive state. However, these attention tasks test
the motor reaction of the user, to assess attention. We hypothesized that detecting
and selecting characters using smooth-pursuit movements could be a replacement for
such attention tasks.
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We have tested the effects of sustained cognitive processing during eye-typing on
mental fatigue. One of the observations by the special education teachers had been
the increased fatigue at a certain time of day, requiring rest in order for people with
motor disabilities to continue activities during the rest of the day. We decided to
test if the effect of the time of day on mental fatigue could be detected using eye
movements.

We designed an experiment with tasks involving word memorization and recall
using eye-typing, performed in the morning and afternoon, to test the effect of the
time of day on mental fatigue and validate it using an attention task. The attention
task was followed by the eye-typing, which included only two trials. Using only
two eye-typing tasks was not expected to generate mental fatigue due to time-on-
task. However, the time of day did not affect mental fatigue, and the attention task
performance did not vary between the time of day, but the novel method of text entry
using smooth-pursuit as well as the difficulty of the words generated cognitive load,
resulting in increased mental fatigue level due to time-on-task. We were able to detect
this increase in mental fatigue using smooth-pursuit movement performance, which
deteriorated with time-on-task. Therefore, we were able to detect mental fatigue
using a novel method of smooth-pursuit eye movements.

Finally, we prepared a similar experiment with tasks involving memorization and
recall of words using smooth-pursuit-based eye-typing for people with disabilities. We
designed the experiment to be repeated in three sessions over a period of two weeks,
during which time the iPad with the EyeTell application would be lent to the partici-
pants, allowing them to practice the eye-typing method. The three sessions comprised
of interview questions on the general health, their experiences of fatigue, their pref-
erences for communication-based on the fatigue level, and reviews of the EyeTell
application, in addition to the experimental tasks. The interview questions, divided
into three sessions, were scaled down from open-ended questions to multiple-choice
questions, which could be answered with ease by the participants. The interview ques-
tions were also planned to be put forward to the helpers first, who might be aware of
the habits and preferences of the participants. Some of the questions, based on stan-
dardized questionnaires, were provided to the participants as homework, which could
be completed at any time during the two weeks. We modified the experimental tasks,
based on the advice by the helpers of the participants, special education teachers, and
small testing sessions of eye-typing systems with people with disabilities, by reducing
the overall difficulty levels of the tasks, increasing the time provided to memorize
the sentences and introducing an eye-typing task resembling wild-typing, where the
participants answered questions by eye-typing. The prepared material, including the
experimental tasks, is provided in Appendix A.2 and A.3. We were able to recruit
students from schools for children with disabilities. However, due to the Covid-19
pandemic, the experiments with people with disabilities could not be conducted, due
to the risk involved in in-person meetings.
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8.1 Limitations
The task of eye-typing, although selected to transfer the research to application in
the target population of people with motor disabilities, was not a usual task for the
able-bodied population, in which it was tested during experiments. The extensive
voluntary control of eyes might have elicited other responses from the experiment
participants, such as eye fatigue, which could be a concept familiar to people us-
ing an AAC. However, eye-typing was also not a completely unfamiliar task for the
participants, typing being one of the most basic activities known to everyone.

The eye-trackers used in the project had a low sampling frequency (90 Hz, 100 Hz).
Typically, eye-trackers that record the eye-movements have a sampling frequency of
at least 250 Hz. The low sampling frequency might have resulted in increased noise
in the gaze data. However, the features found to be informative on mental fatigue
in our results did not include saccades, which are most affected by the low sampling
frequency.

The experiments performed within the dissertation were all with the able-bodied
population, and not with the target population of people with motor disabilities.
Testing of the first experiment setup with the target population revealed caveats in
the setup, that were addressed in the setup of our second experiment. However, the
Covid-19 pandemic, which occurred in the last year of the dissertation, did not allow
access to people with disabilities, who might fall into the vulnerable population.

Finally, mental fatigue detected during the experiments was not successfully dif-
ferentiated from sleepiness, a similar concept with very different requirements for
alleviation. Sleepiness can be mitigated by sleep, whereas resting and taking a break
from the ongoing task is enough to relieve mental fatigue. However, the arousal level
experienced during both is low, which can cause the understanding of both – sleepi-
ness and mental fatigue – to be confounded. There is a need for more research in
understanding and distinguishing between mental fatigue and sleepiness, and identi-
fying more features that differentiate them from one another.

8.2 Future work
People with disability and their helpers need to have increased involvement in the
process further, as the knowledge of mental fatigue could be advantageous to the
helper in understanding the frustrations and such a system could profit from being
personalized to every user. As mentioned in the limitations, testing with the target
population should receive the primary priority. When the results obtained with the
target population align with the results obtained in this dissertation, mental fatigue
prediction could be implemented in the systems used by the people operating AACs.

Prediction of mental fatigue was performed using features from a trial of eye-typing
sentences from memory. In the future, the model could be tested with similar tasks
of eye-typing when a user is believed to be fatigued. As we showed that inclusion
of task difficulty increased the explainable variance of the model, eye-based features
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could also be used to predict the task difficulty levels using the models generated
in literature to predict cognitive load, which would give an indication of the task
difficulty, and could be used as a feature in the model to predict mental fatigue.

One of the features found to be important by the model was eye-height, depicting
the slouching of the user compared to the posture at the beginning of the experiment.
At the beginning of the Covid-19 pandemic, a neural network was customized from
a facial recognition service, that could detect if a user in front of the webcam was
touching the face1. A similar development of a neural network to detect changes in
the position of the facial features over time could allow identification of the posture
and whether the user is slouching, and thereby indicate mental fatigue.

Mental fatigue detection is still confounded with sleepiness, and differentiation
between mental fatigue and sleepiness is an important direction for the future. It is
important to discover attributes of sleepiness, that distinguish it from mental fatigue,
apart from the requirement of sleep for alleviation. The first step in this direction
could be a large-scale survey that asks questions on the current level of mental fatigue
and sleepiness, along with performing various attention tests. This could help identify
if some of the attention tests are more sensitive in the detection of one or the other.
Another expected finding from the survey would be the results on the level of mental
fatigue and sleepiness, recorded at the same time, and their relationship to aspects
such as time of day, occupation, gender, etc. Next, repeating a similar survey in
specific workplaces after a meeting, in universities after a lecture, or in schools after a
class could help narrow down the relation of mental fatigue and sleepiness in various
conditions.

The focus of the dissertation was eye-typing, apart from the detection of mental
fatigue using eye-based metrics. Although the experiments performed within the
dissertation employed eye-typing, we believe that the results can be extended to
other eye-interactive tasks performed usually on an AAC and with further research,
could be extended to any task, not requiring eye-interaction, but only a camera to
record gaze data.

The application EyeTell provided a platform for the development of other appli-
cations using smooth-pursuit, such as games, which could be also be used to detect
mental fatigue. Using eye-interactive games have shown increased engagement in the
games, and games, where players interacted with their avatar via eye-movements,
allowed them to achieve more points than interactions via the mouse. Games that
require the players to follow a moving target for a short time to activate it, which
would generate smooth-pursuit eye movements by the players, could be used to obtain
the performance of the smooth-pursuit movement and relate it to mental fatigue.

EyeTell application used in the project demonstrated a use-case of eye-tracking
using only a camera installed in a commercial device and a toolkit provided by Apple
on gaze detection. Tobii has launched a new service that also allows tracking eye-

1https://medium.com/microsoftazure/how-you-can-use-computer-vision-to-avoid-
touching-your-face-34a426ffddfd

https://medium.com/microsoftazure/how-you-can-use-computer-vision-to-avoid-touching-your-face-34a426ffddfd
https://medium.com/microsoftazure/how-you-can-use-computer-vision-to-avoid-touching-your-face-34a426ffddfd
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movements and pupil size using only the camera attached to computer screens2. As
eye-tracking is truly becoming ubiquitous, an algorithm could be distributed that
would allow recording of and collecting gaze features to infer cognitive states, such
as mental fatigue. Such information could be useful in self-development, but also in
other applications, such as for tracking the cognitive states of students during online
learning, providing a connection to the students in distance learning environments.

2https://www.tobiipro.com/product-listing/sticky-by-tobii-pro/

https://www.tobiipro.com/product-listing/sticky-by-tobii-pro/
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Questionnaires

A.1 Questionnaire for the special education teachers



Questionnaire 

Please follow the instructions provided with each question. If you have any question, please 

ask.  

 

1. Please note your initials (first letter of first and last name): _________________ 

 

2. What is your occupation? 

_____________________________ 

 

 

3. For how many years have you worked with IKT? 

_______________ years 

 

 

4. The patients that you oversee have the following diagnosis: (multiple options can be 

selected) Please also provide the number of patients with each diagnosis. 

❑ Amyotrophic Lateral Sclerosis: __________ 

❑ Cerebral Palsy: __________ 

❑ Muscular Dystrophy: __________ 

❑ Multiple Sclerosis: __________ 

❑ Other: _______________________ 

 

 

5. Do you have any patients that are affected by the following? (Put a cross in the relevant 

field) 

 Yes Maybe No Don’t know 

a Physical fatigue (fatigue in muscles) 

 

    

b Mental fatigue (tired in the mind) 

 

    

c Visual fatigue (eyes get tired) 

 

    

d Sleepiness in the day 
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6. Amongst the patients that experience fatigue, how much do the following affect their 

daily lives? (Put a cross in the relevant field) 

 Extremely Very Moderately Slightly Not at all Not 

applicable 

a Physical fatigue 

(fatigue in 

muscles) 

      

b Mental fatigue 

(tired in the 

mind) 

      

c Visual fatigue 

(eyes get tired) 

      

d Sleepiness in 

the day 
      

 

 

7. How do you know if the participant is fatigued? (multiple options can be selected) 

❑ Their speech is different 

❑ They take more time to react 

❑ Their spasms increase 

❑ They get frustrated 

❑ Via their facial expressions 

❑ Directly communicated to you by the patient 

❑ Not very easy to detect 

❑ Don’t know 

❑ Others: ______________________________ 

 

8. Do the participant themselves realise if they are fatigued? (multiple options can be 

chosen) 

❑ Almost always 

❑ Often 

❑ Sometimes  

❑ Seldom 

❑ Never 

❑ Don’t know 
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9. When the patients are fatigued, which of the following can occur (multiple options can 

be chosen): 

❑ They sleep 

❑ They rest, but not necessarily sleep 

❑ They stop communicating using the technology 

❑ They switch the technology for communication (eg: foot switch to eye-tracking 

only) 

❑ They stop communicating completely 

❑ Others: ___________________________________ 

 

10. Do you think if you received some indication from technology that your patient is 

fatigued, would it help in any way? (select only 1 option) 

o Yes 

o Maybe 

o No 

o Don’t know 
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A.2 Questionnaire for people with disabilities on
experiences of fatigue

Questions for people with disability on their experiences of fatigue in various settings,
locations, and conditions. The questions are divided into themes such as communica-
tions, causes of fatigue, resting and sleeping, effects of fatigue.

Additionally, a compilation of questions (not included in the following questions)
based on standardized questionnaires of general health (Short Form Survey on General
Health), sleep quality (Pittsburgh Sleep Quality Index) and fatigue (Multidimensional
Fatigue Inventory) was also to be filled out by the participants.



Interview Questions 

Interview with helper before study 

We will ask you a series of questions regarding the student. If you are not able to answer the 
question, or that the student can answer them better, let us know. The questions are directed 
towards the student. Feel free to discuss these with the student afterwards. 

Directly for the helper: 

1. Initials of the student:  
2. Date:  

 
3. Do you think EyeTell could change your communication in any way (Yes/No)? (If yes) Can 

you imagine how EyeTell could change your way of communication? (If they haven’t seen the 
app yet, show them the introduction) 
 

4. How do you know if the student is fatigued? 
a. Their speech is different 
b. They take more time to react 
c. Their spasms increase 
d. They get frustrated 
e. Via their facial expressions 
f. Directly communicated to you by the student 
g. Not very easy to detect 
h. Don’t know 
i. Others: ______________________________ 
 

5. Do the student themselves realise if they are fatigued? 
 

6. Do you think if you received some indication from technology that your student is fatigued, 
would it help in any way? 
 

7. How do I communicate with the student? 
 

Theme: Communication: 

8. How do you communicate when a device is not available? 
a. That does not happen 
b. I cannot communicate 
c. Helpers/family/friends understand what I am trying to say 
d. Other 

 
9. In what situations are you using the device 
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a. With helper 
b. With family 
c. With friends 
d. With teacher/trainer/physiotherapist 
e. With professionals (doctors) 
f. With strangers 
g. With me (the interviewer) 

 
10. For how long have you been using eye-tracking technology for communication 

a. Don’t use it for communication 
b. Less than a month 
c. Less than 6 months 
d. Less than a year 
e. Less than five years 
f. More than five years 

 
11. When and where are you not able to use the current device? 

a. Home 
b. School 
c. On the go (on the way to the restaurant) 
d. In public (restaurant) 
e. I can use it everywhere 
f. Other 

 
12. What technologies has the student used/are using for communication, and what do they like 

or dislike about them? 
 

13. At the moment, is there a way technology could improve the students communication? 
 

Theme: The students fatigue 

14. Are you completely exhausted at the end of each day? 
a. Yes 
b. No 
c. Sometimes 

 
15. Are you completely exhausted at the end of each week? 

a. Yes 
b. No 
c. Sometimes 

 
16. In what parts of your body do you mainly feel fatigued? 

a. Arms 
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b. Legs 
c. Torso 
d. Whole body 

 
17. Do your eyes ever get tired and you want to close them and rest them? 

a. Yes  
b. No 
c. Sometimes 

 
18. Do you get tired in your mind? 

a. Yes 
b. No 
c. Sometimes 

 
Theme: Specifics of fatigue causes 
 
19. Are there things you cannot do (does less) anymore because of fatigue? (If yes -->) What 

things do you not do, because you think they may make you fatigued? 
 

20. Which of these makes you tired, after a while (yes, no, sometimes):  
a. Concentrating on a task,  
b. Sitting and watching TV, 
c. Reading a book 
d. An outing,  
e. Talking to new people,  
f. Communicating with doctors/physiotherapist? 
g. Having many people around 
h. Other 

 
21. Have you noticed if you get more tired when there is noise and you are trying to 

communicate?  
a. Yes 
b. No 
c. Sometimes 

 
22. Do you have uncomfortable feelings in your body like  

a. Pain 
b. Aches 
c. Tingling or cramps 
d. Other 
e. None 
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23. Do they (uncomfortable feelings) stop you from doing something? 

 
Theme: Fatigue, rest and sleep 
 
24. How long does fatigue normally last?  

a. Some days 
b. Some hours  
c. Some minutes 

  
25. How often do you feel the need to rest? 

a. Once every 6 hours 
b. More than once every 6 hours 
c. Once a day 
d. Just in the night, not in the day 
e. On the weekend 
f. None of the above 
g. Others 

 
26. What do you do to rest 

a. Nap 
b. Listen to music 
c. Watch TV 
d. Other 

 
27. How long would you rest for? 

a. I would not rest 
b. A few minutes 
c. A few hours 
d. A few days 

 
28. Would that totally relieve the fatigue  

a. Yes 
b. No 
c. Sometimes 

 
29. Would you return to the activity that caused fatigue, after resting?  

a. Yes 
b. No 
c. Sometimes 

 
30. If your rest gets interrupted, will your fatigue return?  

a. Yes 
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b. No 
c. Sometimes 

 
31. Do you take naps in the day?  

a. Everyday (If everyday, how many times a day?) 
b. Most days 
c. Sometimes 
d. Rarely 
e. Never 

  
Theme: Planning for fatigue 
 
32. If you were going to do something that required a lot of effort, would you prepare for it? 

a. Yes 
b. No 
c. Sometimes 

 
33. How would you prepare for it? 

 
34. How much planning do you do for a day? (How detailed/ have an agenda for the day) 

a. All the small things   
b. Only the main activities 
c. More on some days than others 
d. No planning 

 
35. Are you more tired in the  

a. Evening  
b. Afternoon 
c. Morning 

Theme: Effects of fatigue 
 
36. Do you have problems with memory? 

a. Yes 
b. No 
c. Sometimes 

 
37. How is your motivation to do new things?  

a. High motivation to do things 
b. Depends on the day and the activity 
c. Low motivation to do most things 
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38. How is your motivation level to finish things that you've started?  
a. High motivation to finish everything 
b. Depends on the day and the activity 
c. Low motivation to finish most things 

 

Theme: Review the EyeTell application I (at the end of session 1) 

39. How would you like to answer the interview questions? 
a. With own system 
b. With helper 
c. With Eyetell 
 

40. Do you think EyeTell could change your communication in any way (Yes/No)? (If yes) Can 
you imagine how EyeTell could change your way of communication? 
 

41. Do you think if you received some indication from technology that you are tired, would it help 
in any way? 

 

Theme: Review the EyeTell application I (at the end of session 3) 

42. How would you like to answer the remaining interview questions? 
a. With own system 
b. Via helper 
c. With Eyetell 

 
43. Do you have anything to add about mental fatigue or how you feel now or the app? 

 
44. Which system would you select and why? - EyeTell, current system? 

 
45. In which situations have you used EyeTell in the last few weeks? 

a. Did not use it 
b. Face to face communication 
c. Group setting 
d. Practice using the system 
e. Other 

 
46. Where did you use it? 

a. Did not use it 
b. In bed 
c. By a table 
d. On the wheelchair 
e. At school 
f. At home 
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A.3 Experimental tasks for people with disabilities
The tasks designed for experiments with people with disability, comprise of a trial of
the eye-typing system, easy and difficult sentences, one of each to be performed in one
session and one question to be answered using eye-typing in each session, to resemble
wild-typing. The easy sentences have a LIX score of 3 and the difficult sentences have
a LIX score of 7. The sentences are in Danish as the participants are native Danish
speakers.



Sentences for the experiment 

Trial: (Only on the first day) 

Vi købte ind 

 

Easy: (One for each session) 

1. Lydia vil hjem 
2. Sig ikke noget 
3. Min hund fælder 

 

Difficult: (One for each session) 

1. Du må være ved at blive gammel 
2. Hård straf for at blive ude sent 
3. Jeg kan godt lide at spille tennis 

 

Questions for testing: (One for each session) 

1. Hvad er din yndlingsfarve? 
2. Hvad kan du godt lide at gøre mest i din fritid? 
3. Hvilken supermagt ønsker du, at du havde? 
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Abstract 

Mental fatigue measurement techniques utilise one or a combination of the cognitive, affective and 

behavioural responses of the body. Eye-tracking and electro-oculography, which are used to compute eye-

based features, have gained momentum with increases in accuracy and robustness of the lightweight 

equipment emerging in the markets and can be used for objective and continuous assessment of mental 

fatigue. The main goal of this systematic review was to summarise the various eye-based features that 

have been used to measure mental fatigue and to explore the relation of eye-based features to mental 

fatigue. The review process, following the preferred reporting items for systematic reviews and meta-

analyses, used the electronic databases Web of Science, Scopus, ACM digital library, IEEEXplore, and 

PubMed. Of the 1385 retrieved documents, 34 studies met the inclusion criteria, resulting in 21 useful 

eye-based features. Categorising these into eight groups revealed saccades as the most promising 

category, with saccade mean and peak velocity providing quick access to the cognitive states within 30 

minutes of fatiguing activity. Complex brain networks involving sympathetic and parasympathetic 

nervous systems control the relation of mental fatigue to tonic pupil size, and have the potential to 

indicate mental fatigue in controlled experimental conditions. Other categories, like blinks, are derived 

from the field of sleep research and should be used with caution. Several limitations emerged in the 

analysis, including varied experimental methods, use of dim lighting during the experiment (that could 

possibly also induce sleepiness), and use of unclear data analysis techniques, thereby complicating 

comparisons between studies. 

Keywords: Mental Fatigue; Eye Metrics; Eye-tracking; Electro-oculography; Pupillometry; Eye 

Movements 
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1. Introduction 

Mental fatigue affects people in professions like transportation (Itoh et al., 2000; LeDuc et al., 2005; 

Wise et al., 2019), construction (J. Li et al., 2019) and health care (Nielsen et al., 2019; Schlosser et al., 

2012), that often include long hours in demanding environments and where it is critical to be vigilant to 

avoid accidents and injury. Even in the absence of injury prone situations, fatigue affects the productivity 

and mental health of the workers, resulting in a lower quality of life (Ricci et al., 2007). Furthermore, 

mental fatigue impacts people with hearing impairment (Y. Wang et al., 2017) or diagnosed with multiple 

sclerosis (Bryant et al., 2004; Finke et al., 2012; Mills & Young, 2008; Niepel et al., 2013), amyotrophic 

lateral sclerosis (Gibbons et al., 2013), or traumatic brain injury (Johansson et al., 2010). It is one of the 

most common complaints made by patients, and it has a severe impact on communication and everyday 

life (Bryant et al., 2004). Reliable measurement of fatigue under these circumstances is the first step to 

obtaining a deeper understanding of ways to reduce, manage, and counter this complaint. 

Gaze-tracking equipment has become robust, inexpensive and accurate, and gaze sensors may soon be 

included in computers, phones, tablets, and head-mounted displays (Barz et al., 2018; Hu & Lodewijks, 

2020). The use of eye-based physiological signals derived from blinks (Martins & Carvalho, 2015; Stern 

et al., 1984), eye movements (Cazzoli et al., 2014; Hirvonen et al., 2010), and pupils (Marandi et al., 

2019; Morad et al., 2000), recorded using eye-tracking (Hopstaken, et al., 2015b; Itoh et al., 2000; F. Li et 

al., 2019; J. Li et al., 2019; Maffei & Angrilli, 2018; Marandi et al., 2018) and electro-oculography (EOG; 

Hirvonen et al., 2010; Tag et al., 2019), have received increased scrutiny in the past years as a means of 

measuring fatigue (Dawson et al., 2014; Eckstein et al., 2017; Kramer, 1991; Martins & Carvalho, 2015). 

Several authors have reviewed fatigue measurement (Aaronson et al., 1999; Hu & Lodewijks, 2020; 

Martins & Carvalho, 2015; Monteiro et al., 2019; Tran et al., 2020); nevertheless, a review summarising 

mental fatigue measurement techniques using eye-based technologies is still lacking. The goal of this 

systematic review is to present an overview of mental fatigue measurement using eye-based features 

derived from physiological signals. 
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1.1 Defining mental fatigue 

Fatigue is the effect of exertion caused by physical and/or cognitive activity, and the impact on an 

individual depends on factors like pain, sleep deprivation, circadian rhythm, diet, fitness level, and 

environment (Phillips, 2015). Numerous classifications have been developed to facilitate a better 

understanding of fatigue (Finsterer & Mahjoub, 2014). Fatigue is classified based on its association with 

an underlying condition into pathological and physiological fatigue. Pathological fatigue that occurs in 

some medical disorders, such as multiple sclerosis, depression, and rheumatism, is not easily predictable 

and may be chronic (Chaudhuri & Behan, 2004; Kluger et al., 2013). By contrast, physiological fatigue is 

independent of diagnosis of a medical condition; it is a transient phenomenon caused by sustained 

exertion and is attenuated by rest (Kluger et al., 2013).  

Mental fatigue, a type of physiological fatigue and the focus of this literature review, occurs as a 

consequence of cognitive processing on a task for a period of time that results in a reduction in cognitive 

capacity and motivation to continue with the task; it is sometimes accompanied by deteriorated task 

performance (Boksem & Tops, 2008; Hopstaken, et al., 2015a; Pattyn et al., 2018; Tanaka et al., 2014). 

Mental fatigue of a transient nature has been termed acute mental fatigue in the literature (van der Linden, 

2011). Cognitive load caused by the task and the time spent on the task modulate the degree of the acute 

mental fatigue experienced during and after the task (Borragán et al., 2017). Motivation and the expected 

cost and benefits of performing a task determine the amount of effort individuals exert on the task to 

achieve success (Richter et al., 2016), and thereby modulate the degree of mental fatigue. In this review, 

fatigue and mental fatigue are used interchangeably and denote acute mental fatigue.  

Another concept associated with fatigue and important to define is fatigability. Some authors have 

defined fatigability as the objective measurement of reduced performance caused by fatigue; and in this 

case, fatigue is characterised solely as a subjective feeling (Finsterer & Mahjoub, 2014; Linnhoff et al., 

2019). We derive our definition from physiology and sports science research, where muscle fatigability is 

described as the failure to maintain force during a sustained contraction (Chaudhuri & Behan, 2004; 
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Zijdewind et al., 2016). Fatigability indicates how fast a specific level of fatigue is achieved and is 

especially relevant for understanding fatigue in persons with neurological disorders and concussions, who 

often experience pathological fatigue independent of performing a task. We define mental fatigability as 

the inability to maintain processing during a sustained cognitive task. People with lower mental 

fatigability have the capacity to do more before reaching the same fatigue level compared with people 

with higher fatigability (Eldadah, 2010). 

Despite a general agreement in these definitions, fatigue and mental fatigue are often confused with 

other similar concepts like sleepiness, drowsiness, daytime sleepiness, and weakness (Ream & 

Richardson, 1996). Patients and clinicians alike are unable to deconstruct fatigue from the closely 

associated experience of sleepiness and often combine both feelings under the umbrella term of 'tiredness' 

(J. Shen et al., 2006). Researchers also tend to use fatigue and sleepiness interchangeably (May & 

Baldwin, 2009; Morad et al., 2000) or use sleep deprivation to induce and measure fatigue (Morad et al., 

2000; K. Q. Shen et al., 2008). This lack of differentiation in the papers has been recognised as an 

important issue in research (Neu et al., 2010), as have attempts to differentiate between the related 

concepts (Hu & Lodewijks, 2020). Sleepiness has been defined as the propensity to sleep, whereas the 

solution for fatigue is rest but not necessarily sleep (Mairesse et al., 2017). Both sleepiness and fatigue are 

associated with a reduction in arousal levels (Pattyn et al., 2018). 

While the distinction between sleepiness and fatigue is an important one to identify, so is the 

difference between boredom and fatigue. Low demand in cognitive resources, as a result of monotonous 

vigilance tasks and boredom, result in an underload condition, whereas a higher than manageable demand 

in cognitive resources leads to a condition of overload, or mental fatigue (Pattyn et al., 2008). 

1.2 Measurement of mental fatigue 

Two characteristics of fatigue are important considerations for its measurement: (a) fatigue is a 

subjective phenomenon and (b) fatigue is associated with cognitive, behavioural and affective responses 

of the body (Ream & Richardson, 1996). Measurement of mental fatigue can be summarised in four 
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categories: (1) subjective questionnaires, which often include aspects of affective reaction to fatigue 

(Piper et al., 1998), (2) attention tests, denoting cognitive response to fatigue, (3) reduced task 

performance, depicting the behavioural response to fatigue and (4) physiological measurements, such as 

heart rate, brain activity, and pupil size. 

Mental fatigue has been assessed in clinics using numerous questionnaires, like the Fatigue Impact 

Scale (Fisk et al., 1994), Chalder Fatigue Scale (Chalder et al., 1993), Multidimensional Fatigue 

Inventory (Smets et al., 1995) and Checklist Individual Strength (Beurskens et al., 2000). These 

questionnaires assess factors like physical fatigue, mental fatigue, motivation based on a range of 11 to 40 

questions (Whitehead, 2009). Using these can result in bias due to subjective reporting (Chaudhuri & 

Behan, 2004; Monteiro et al., 2019), and the subjective reports do not always correlate with known 

objective measures of fatigue (Bailey et al., 2007). 

The second method of fatigue measurement is analyses of performance on attention tasks, like the 

Psychomotor Vigilance Task (Dinges & Kribbs, 1991), Eriksen Flanker Task (Eriksen & Eriksen, 1974), 

and Attention Network Task (Fan et al., 2002). These tasks show effects of fatigue via reduction in 

performance accuracy and reaction to stimuli. Inevitably, these tasks require a break from the ongoing 

task and performing an additional, non-familiar task. 

The third method associated with mental fatigue and its measurement is the measurement of the 

behavioural response to fatigue. Reduced performance on an ongoing task, such as reduced accuracy on a 

working memory task, can depict fatigue. While definitions often align fatigue with reductions in 

performance, what is often not mentioned in these definitions is that, prior to the performance level 

decrease, there may be an attempt to maintain the performance by expending more effort. At that stage, 

therefore, although the person experiences fatigue, there is no reduction in performance (Meijman, 1997).  

The use of the fourth method of physiological signals and gaze behaviour for mental fatigue 

measurement has increased in frequency, with the increasingly mobile and accurate technologies of 
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electroencephalography (EEG; Gergelyfi et al., 2015; Guo et al., 2018; Hopstaken et al., 2015a; 

Hopstaken et al., 2016; Sengupta et al., 2017; F. Wang et al., 2019), electrocardiography (ECG; Abbasi et 

al., 2018; Horiuchi et al., 2018), EOG and eye-tracking. Continuous fatigue measurement using these 

technologies provides data which is unhampered by subjective bias and does not require taking a break 

from an ongoing task. Among these, eye-tracking and EOG are the technologies that do not rely on time-

consuming setup and have minimal contact with the skin (Hu & Lodewijks, 2020). The recent 

improvements in terms of accuracy, size of equipment and ease of use for eye-tracking and EOG systems 

developed in the last years have transpired in the form of ordinary eyeglasses1,2. Although the use of eye-

tracking and EOG in measurement of mental fatigue has increased, no summary of the various eye-based 

features has been presented that can be reliably used to navigate measurement of mental fatigue. 

1.3 Objectives and Research Questions 

The main goal of this systematic review is to determine eye-based features, as derived from psycho-

physiological signals and gaze behaviour, which are useful for mental fatigue measurement. The research 

questions are outlined as follows: (1) Which eye-based features have been used in the literature to 

measure mental fatigue? (2) How do the eye-based features relate to mental fatigue? To answer these 

questions, we have conducted a systematic review of studies that have measured mental fatigue using eye-

based features.  

The results of the eye-based metrics used to measure mental fatigue will be provided in a qualitative 

manner (increase or decrease with increasing mental fatigue), rather than in a quantitative manner (effect 

size or correlation), due to the variation in the eye-based metrics and units used, as well as the variation in 

the methods used to induce and record gaze data. 

                                                      
1 https://jins-meme.com/en/ 
2 https://www.tobiipro.com/product-listing/tobii-pro-glasses-3/ 
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2. Method 

We conducted and reported this review as per the guidelines by the Preferred Reporting Items for 

Systematic reviews and Meta-Analyses statement (PRISMA; Moher et al., 2009). The review protocol 

was registered in the Open Science Foundation (Bafna & Hansen, 2020). 

2.1 Inclusion and Exclusion Criteria 

We included papers that met the following criteria: (1) a study involving mental fatigue and using a 

task where the fatigue could be subjectively measured, and/or assumed to have incidence after a 

prolonged time-on-task; (2) eye-based features computed and analysed for effects of mental fatigue.  

We excluded original papers using the following conditions: (1) no English version of the full paper 

was available; (2) record was not peer-reviewed; (3) fatigue was not mentioned, induced or measured in 

the experiment described in the paper; (4) the study was performed with non-human participants; (5) the 

experimental protocol depicted measurements of stress, cognitive load, eye/visual fatigue, drowsiness, or 

sleepiness, although the title or keywords mentioned fatigue. 

2.2 Search Strategy 

We searched five databases—Scopus, Web of Knowledge, ACM Digital Library, PubMed, and 

IEEEXplore—for articles published from 1900 until December 2019. Based on keywords found related to 

the original terms, we modified the search terms used to search in the title, abstract or keywords of the 

databases. The search string was constructed to include papers measuring mental fatigue using eye-based 

measures. The detailed search strategy is provided in Appendix A1. Search terms used to denote fatigue 

were "fatigue," "tiredness," "fatigability," or "tired," which were used in conjunction with "mental or 

mentally" or "cognitive or cognitively." Use of eye-based features was denoted by incorporating the terms 

"pupil," "pupillometry," "eye or eyes," "gaze," or "pupillography," and measurement of fatigue was 

indicated by including the wildcard version of the terms detect, model, analyse and measure. 

Subsequently, the main author (TB) conducted the cited reference search. 
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2.3 Study Selection 

After removal of duplicates and papers in a language other than English, we examined the retrieved 

studies in two phases. In the screening phase, the main author (TB) excluded studies based on the title and 

the abstract, using the exclusion criteria of measuring stress, cognitive load, mental workload, eye fatigue, 

visual fatigue, drowsiness, and sleepiness. The next phase was the inclusion phase, where both authors 

read the full text of the articles to exclude papers that did not follow the inclusion–exclusion criteria. Each 

author selected the papers independently, and any discrepancies were sorted by mutual agreement. In a 

final stage, the main author (TB) performed backward reference search from the papers selected for the 

final inclusion, based on title and abstract, and added them to the screening phase. 

2.4 Data Extraction 

The main author (TB) examined and extracted the following data into a pre-defined database: (a) 

reference of the paper indicating the first author and the year of publication, (b) the fatiguing task, (c) 

time spent on the task, (d) number of participants and distribution of sex and age characteristics, (e) eye-

based criteria used, their definitions and outcome of the analyses, (f) lighting conditions of the experiment 

and (g) other methods used to assess fatigue. We added the lighting condition in the database following 

its mention in multiple papers. 

2.5 Quality Assessment 

The papers studied in this review do not fall under the category of randomised controlled trials, so 

they have no known quality assessment criteria. We created our own criteria, based on previous literature 

reviews on mental fatigue (Tran et al., 2020) and on factors that were deemed important by us in a paper 

measuring fatigue using eye-based features. The use of eye-based features is not yet standardised, as in 

the case of well-established methods like EEG (Tran et al., 2020). Hence, we monitored the definitions 

and signal processing techniques used in the computation of the eye-based features to evaluate the 

feasibility of re-using the features and reproducing the experiment. For each category of features, we have 

listed in Appendix A2 the sub-criteria used to verify the signal processing techniques used, such as 
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specification of the stable luminance level for pupil size–based metrics. Partial points were given if some 

of the sub-criteria were fulfilled. To avoid confounding mental fatigue caused by the task with drowsiness 

arising from inadequate sleep or varied time used for experiment, we evaluated the quality of the study 

based on the instructions given to the participants regarding sleep and the use of a standard time of day in 

the experimental design. Use of substances like alcohol or coffee has been known to affect fatigue, so we 

investigated the studies and their instructions to participants regarding this variable, based on the quality 

assessment criteria in previous literature reviews on mental fatigue (Tran et al., 2020). We gave partial 

points if one of the substances was included as a restriction in the instructions. Finally, we also evaluated 

if mental fatigue had been confirmed by another method, such as attention test, questionnaires or 

technologies such as EEG or ECG. The complete criteria, with their weights, are catalogued in Table 1.  

Table 1 

Quality Assessment Criteria 

Number Quality assessment question Weight assigned 

QA1 Are the eye-based features and the signal processing techniques 
to compute the eye-based features clearly defined? 

Yes: 2 
No: 0 

QA2 Is the confounding effect of circadian rhythm addressed in the 
experiment design?  

Yes: 1 
Not mentioned: 0 

QA3 Is the confounding factor of substance use addressed during the 
experiment or data analysis? 

Yes: 1 
No: 0 

QA4 Is the confounding effect of sleep addressed in the experiment 
design? 

Yes: 1 
No: 0 

QA5 What is the number of participants in the study? ≥ 20 participants or power 
analysis performed: 2 
10 – 19 participants: 1.5 
6 – 9 participants: 1 
1 – 5 participants: 0.5 
Not specified: 0 

QA6 Has mental fatigue been confirmed using attention tests, 
questionnaires or technology such as EEG, ECG? 

Yes: 1 
No: 0 
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3. Results 

The results obtained from the studies included in the review are structured as follows; section 3.1 

summarizes the study selection process. Sections 3.2 and 3.3 provide the experimental context to the 

results on the eye-based features, and provide an overview of the methods used to induce fatigue and to 

record fatigue, respectively. They also present a perspective on the variety of methods used, in both 

inducing fatigue and measuring it. Section 3.4 describes the main results on the various eye-based 

features, including machine learning results. Lastly, section 3.5 provides the quality assessment results 

from the studies. 

3.1 Study Selection 

A total of 1384 papers were identified from all the sources—Web Of Science (359), Scopus (796), 

ACM Digital Library (20), IEEEXplore (54), and PubMed (155). An additional paper was found in the 

personal records of the main author (TB). From these, 895 records were included, after the duplicates and 

papers not written in English were removed. These 895 records were screened by reading their title and 

abstract, if they measured mental fatigue and were peer-reviewed, which resulted in 125 papers to be read 

completely. Based on the inclusion criteria, 32 papers were identified and included in this review. These 

32 papers cited 60 relevant papers, as per their title and abstract, which were added to the screening step. 

Papers that were read completely from these were 18 in number, and two were selected for the final 

inclusion list, resulting in 34 papers. The process of selection is depicted in Figure 1. These 34 papers had 

alert participants at the beginning of the study, who reached a state of fatigue at the end of a fatiguing 

task. Studies that induced fatigue using circadian rhythm were excluded from the review. However, one 

of the included studies employed both time-on-task and circadian rhythm to induce fatigue and attempted 

to dissociate both conditions (Cazzoli et al., 2014). Table 2 provides details on the study characteristics 

and the fatigue inducing methods (columns 2, 3 and 6) and measurement techniques (column 7). 
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Table 2 

Summary of the papers that met the inclusion criteria 

 Fatigue Inducing Methods Fatigue Recording Methods  
Reference Fatiguing 

task (Gaze-
recording 
task, if not 

same as 
fatiguing 

task) 

Time-on-
task 

(Without 
breaks, if 
not the 
same as 
time-on-

task) 

Participants Lighting 
condition of 
experiment 
room 

Subjective 
Questionnaire / 
Attention task 

Eye-based features Quality 
Assess
ment 

N (n 
Female) 

Age (yr): 
mean±SD 
or range 

(Abbasi et 
al., 2018)  

Cognitive 
task 

0.5 hr 35 (0 F) 23 ± 3 ≥ 300 lx VAS-f Eye activity 5 

(Borragán et 
al., 2018) 

Custom 
cognitive 
task 

1 hr  
(16 min) 

22 (16 F) 23 ± 2.28  VAS-f  Blink count 4 

(Burke et al., 
2018) 

Cognitive 
task 

2 hrs 40 
min 

35 (21 F) 63 - 84  Current fatigue 
question  

Normalised baseline pupil diameter 7 

(Cazzoli et 
al., 2014) 

Circadian 
rhythm and 
free visual 
exploration 
task 

25 min  
(6 min) 

18 (7 F) 24.89 Dimly lit  Saccade mean velocity 
Saccade magnitude  
Mean fixation duration 

4.5 

(Di Stasi, 
McCamy, 
Catena, et al., 
2013) 

Cognitive 
task (Guided 
saccade 
tasks) 

2 hrs 12 (2 F) 30 ± 3.8 Darkened 
and quiet 

Borg Scale of 
Perceived 
Exertion 

Microsaccade peak velocity-
magnitude slope  
Saccade peak velocity-magnitude 
slope 
Mean drift velocity 

7.5 

(Di Stasi et 
al., 2012) 

Driving task 
(Guided 
saccade 
tasks) 

2 hrs 10 (5 F) 23.9 ± 4.9 Dimly lit Chalder Fatigue 
Scale 

Saccade duration 
Saccade peak velocity 

7.5 

(Di Stasi et 
al., 2015) 

Driving task 2 hrs 10 (5 F) 23.9 ± 4.9 Dimly lit  Microsaccade peak velocity-
magnitude slope 

3.5 
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 Fatigue Inducing Methods Fatigue Recording Methods  
Reference Fatiguing 

task (Gaze-
recording 
task, if not 

same as 
fatiguing 

task) 

Time-on-
task 

(Without 
breaks, if 
not the 
same as 
time-on-

task) 

Participants Lighting 
condition of 
experiment 
room 

Subjective 
Questionnaire / 
Attention task 

Eye-based features Quality 
Assess
ment 

N (n 
Female) 

Age (yr): 
mean±SD 
or range 

Microsaccade mean velocity-
magnitude slope 
Microsaccade duration-magnitude 
slope 
Microsaccade peak velocity 
Microsaccade mean velocity 
Microsaccade duration 
Microsaccade magnitude 
Saccade frequency 
Blink frequency 

(Di Stasi, 
McCamy, 
Macknik, et 
al., 2013) 

Surgery duty 
(Guided 
saccade task) 

13-18 hrs 12 (6 F) 30 ± 2.2 Darkened 
and quiet 

Borg Scale of 
Perceived 
Exertion* 

Saccade peak velocity-magnitude 
slope 

7 

(Di Stasi et 
al., 2016) 

Aircraft 
flying task 
(Guided 
saccade task) 

1-2 hrs 26 (0 F) 29 ± 4.6 Dark   Saccade peak velocity-magnitude 
slope 
Saccade mean velocity-magnitude 
slope 
Saccade duration-magnitude slope 
Saccade peak velocity 
Saccade mean velocity 
Saccade magnitude 
Saccade duration 

4 

(Diaz-Piedra 
et al., 2016)  

Aircraft 
flying task 
(Guided 
saccade task) 

2.5 hrs 5 (0 F) 27.6 ± 1.7 Darkened 
and quiet 

Borg Scale of 
Perceived 
Exertion 

Area under curve of saccade peak 
velocity-magnitude slope 

6.5 
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 Fatigue Inducing Methods Fatigue Recording Methods  
Reference Fatiguing 

task (Gaze-
recording 
task, if not 

same as 
fatiguing 

task) 

Time-on-
task 

(Without 
breaks, if 
not the 
same as 
time-on-

task) 

Participants Lighting 
condition of 
experiment 
room 

Subjective 
Questionnaire / 
Attention task 

Eye-based features Quality 
Assess
ment 

N (n 
Female) 

Age (yr): 
mean±SD 
or range 

(Gao et al., 
2015) 

Attention 
task 

1 hr 6 (0 F) ~20 Gentle light Psychomotor 
vigilance test 

Machine learning features 3 

(Gergelyfi et 
al., 2015) 

Custom 
cognitive 
task 

4-5 hrs  
(190 min) 

18 (8 F) 25.72 ± 
3.54 

Dimly 
illuminated 

MFI* Blink frequency 
Median blink duration 
Long blink ratio 

4.5 

(Guo et al., 
2018) 

Driving task 2.5 hrs  
(1.5 hrs) 

60 (30 F) 23.25 ± 
2.5 

Dimly lit POMS-SF PERCLOS 7 

(Herlambang 
et al., 2019) 

Cognitive 
task  

2.5 hrs 20 (12 F) 24.95 ± 
3.01 

 VAS-f Blink count 
Mean blink duration 

7 

(Hopstaken et 
al., 2015a) 

Cognitive 
task 

2 hrs  
(18 min) 

20 (17 F) 19.9 ± 2.0 Dimly lit Current fatigue 
question 

Baseline pupil diameter 7 

(Hopstaken et 
al., 2015) 

Cognitive 
task 

1 hr  
(10 min) 

82 (63 F) 20.95 ± 
3.9 

Dimly lit Current fatigue 
question 

Baseline pupil diameter 
Peak pupil dilation 

7 

(Hopstaken et 
al., 2016) 

Cognitive 
task 

1.5 hrs  
(15 min) 

47 (32 F) 20.5 ± 1.8 Dimly lit Current fatigue 
question 

Baseline pupil diameter 7 

(Hopstaken et 
al., 2015b) 

Cognitive 
task 

1 hr 48 min 
(18 min) 

33 (18 F) 21.2 ± 3.7 Dimly lit Current fatigue 
question 

Baseline pupil diameter 
Peak pupil dilation 

7 

(Horiuchi et 
al., 2018) 

Cognitive 
task 

1 hr  
(8 min) 

16 (3 F) 21-24  Jikaku-sho 
Shirabe test 

Standardized blink count 
Standardized blink burst count 
Standardized blink burst frequency 
Standardized blink duration 
Standardized blink velocity 

4.5 

(Lavine et al., 
2002) 

Attention and 
cognitive 
task 

0.5 hr 20 (10 F) 20 – 54  SAM fatigue 
scale 

Mean fixation duration per event 
Number of fixations per event 
Fixation distance 

6 

(LeDuc et al., 
2005) 

Aircraft 
flying task 

1.2 ± 0.62 
hrs 

53 32 ± 7.03 illuminated 
with 

Current fatigue 
question 

Baseline pupil diameter  
Pupil constriction amplitude 

5 
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 Fatigue Inducing Methods Fatigue Recording Methods  
Reference Fatiguing 

task (Gaze-
recording 
task, if not 

same as 
fatiguing 

task) 

Time-on-
task 

(Without 
breaks, if 
not the 
same as 
time-on-

task) 

Participants Lighting 
condition of 
experiment 
room 

Subjective 
Questionnaire / 
Attention task 

Eye-based features Quality 
Assess
ment 

N (n 
Female) 

Age (yr): 
mean±SD 
or range 

(Fitness 
Impairment 
Tester) 

standard 
fluorescent 
light 

Pupil constriction latency  
Saccade mean velocity 

(F. Li et al., 
2019) 

Traffic 
control 
operator job 
(Attention 
task) 

8.5 hrs  
(2 hrs) 

8 30 – 50   Samn-Perelli 
scale + 
Mackworth 
clock test 

Features for machine learning  5 

(J. Li et al., 
2019) 

construction 
equipment 
operator task  

1 hr 40 min 
(12 min) 

12 (0 F) 27.92 ± 
3.2  

Bright and 
stable 
daylight 
conditions 

Stanford 
sleepiness 
questionnaire + 
NASA-TLX 

Blink count 
Mean blink duration 
Mean pupil diameter 
Percent change in pupil diameter 

4.5 

(Maffei & 
Angrilli, 
2018) 

Attention 
task 

20 min  
(7 min) 
 

33 (33 F) 21 – 26   Normalised blink ratio 
Blink probability 

5 

(Marandi et 
al., 2018) 

Cognitive 
task 

40 min  
(3 min) 

38 (20 F) 39.58 ± 
5.29 

Indoor 
controlled 
environment 

Karolinska 
sleepiness 
questionnaire 

Mean blink duration 
Blink frequency 
Pupil dilation range 
Fixation Duration 
Saccade peak velocity 
Saccade duration 

7 

(McGarrigle 
et al., 2017a) 

Listening 
task 

50 min  
(20 min) 

24 18 – 30 Customised 
to get 
middle of 
bright and 
dark pupil 
diameter 

VAS-f Pupil dilation as a function of time 4 
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 Fatigue Inducing Methods Fatigue Recording Methods  
Reference Fatiguing 

task (Gaze-
recording 
task, if not 

same as 
fatiguing 

task) 

Time-on-
task 

(Without 
breaks, if 
not the 
same as 
time-on-

task) 

Participants Lighting 
condition of 
experiment 
room 

Subjective 
Questionnaire / 
Attention task 

Eye-based features Quality 
Assess
ment 

N (n 
Female) 

Age (yr): 
mean±SD 
or range 

(McGarrigle 
et al., 2017b) 

Listening 
task 

40 min  
(15 min) 

41 (23 F) 9.25 ± 
0.98 

Customised 
to get 
middle of 
bright and 
dark pupil 
diameter 

Custom scale on 
“fatigue right 
now”  

Pupil dilation as a function of time 4 

(Paladini et 
al., 2016) 

Saccade task 1 hr 8 min 
(16 min) 

30 (19 F) 28.7 ± 5.7 Dimly lit VAS-f Saccade peak velocity 
Saccade accuracy 
Saccade latency 

3 

(Renata et al., 
2018) 

Verbal 
reasoning 
task 
(Attention 
task) 

2.5 hr 14   Samn-Perelli 
scale + Choice 
reaction time 
test 

Saccade peak velocity 
Saccade magnitude 

2.5 

(Sengupta et 
al., 2017) 

Cognitive 
task 

40 – 50 
min 
(4.66 min) 

30 (6 F) 25.16 ± 
5.78 

Filament 
bulb was 
used for 
lighting the 
face 

Current fatigue 
question 

Saccade peak velocity 6 

(Song et al., 
2015) 

Control of 
spacecraft 
support 
system 

1 hr 45 min 
(15 min) 

3   Current fatigue 
question 

Mean blink duration 
Variance of blink duration 
Standard deviation of blink duration 
Variation coefficient of blink duration 

2.5 

(Tian et al., 
2012) 

Control of 
space vehicle 

20 min  
(10 min) 

10 (0 F) 26 – 31    Mean blink duration 
PERCLOS 

1.5 

(Wang et al., 
2019) 

Driving task 3 hrs  
(30 min) 

12 (2 F) 32 ± 1.6  Samn-Perelli 
scale 

Eye activity per minute 6.5 
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 Fatigue Inducing Methods Fatigue Recording Methods  
Reference Fatiguing 

task (Gaze-
recording 
task, if not 

same as 
fatiguing 

task) 

Time-on-
task 

(Without 
breaks, if 
not the 
same as 
time-on-

task) 

Participants Lighting 
condition of 
experiment 
room 

Subjective 
Questionnaire / 
Attention task 

Eye-based features Quality 
Assess
ment 

N (n 
Female) 

Age (yr): 
mean±SD 
or range 

(Yamada & 
Kobayashi, 
2018) 

Cognitive 
task (Natural 
viewing task) 

34 min  
(3 min) 

20 (8 F) 47.5 ± 
20.5 

 Current fatigue 
question 

Mean pupil dilation 
Blink duration per minute 
Features for machine learning 

3 

Note. *adapted/modified, SD: standard deviation, min: minutes, hr(s): hour(s), yr: years, VAS-f: Visual Analog Scale for Fatigue, MFI: 
Multidimensional Fatigue Inventory, POMS-SF: Profile of Mood States – Short Form, SAM: School of Aerospace Medicine 
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Figure 1.  

Review Procedure following the PRISMA Strategy 

 

3.2 Mental Fatigue Inducing Methods 

Various tasks were used to induce fatigue during the experiment. The tasks associated with each 

study are provided in the column 2 of Table 2, and are depicted in Figure 2. 

The experiment duration used in the studies followed a range from 20 minutes (Maffei & Angrilli, 

2018; Tian et al., 2012) to 18 hours (Di Stasi, McCamy, Macknik, et al., 2013), and the details are 

provided in column 3 of Table 2. The distribution of the studies and the total experimental duration is 

shown in Figure 3. The experiments were generally divided into trials, where tasks were continuously 

performed without a break. The trial time of the experiment is given in brackets in column 3 of Table 2, if 
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it differed from the experiment time. Each type of fatiguing task was performed for a broad range of 

experiment duration, except in the case of driving tasks, which were all performed for 2-3 hours.  

Figure 2.  

Fatigue-inducing Tasks used by the Included Studies 

 

Twenty-three of the 34 papers reported on the lighting conditions, as controlled in the experimental 

protocols, and are depicted in column 6 of Table 2. However, 17 of these studies used words like "dim" 

and "dark" to describe the lighting conditions. We found this detail interesting in the context of fatigue 

measurement, since fatigue is closely associated with sleepiness, and dim lighting is generally used in 

sleep measurement protocols (Wei et al., 2019). 

3.3 Mental Fatigue Recording Methods 

In 29 of the 34 papers, a fatigue questionnaire was used to confirm that the task applied in the 

experiment resulted in a change in the subjective feeling of fatigue. The fatigue questionnaires used are 

provided in column 7 in Table 2. Two studies used known sleepiness questionnaires (J. Li et al., 2019; 

Marandi et al., 2018) instead of a fatigue questionnaire, and one of these studies used a workload 

questionnaire (NASA-TLX) additionally (J. Li et al., 2019). The rest of the studies (7) assumed that time-
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on-task would generate fatigue and did not confirm the presence of fatigue at the end of the experiment 

(Cazzoli et al., 2014; Di Stasi et al., 2015, 2016; Gao et al., 2015; Maffei & Angrilli, 2018; Tian et al., 

2012). 

Figure 3.  

Experiment Duration of the Included Studies 

 

The objective method of fatigue confirmation via attention tasks was performed in only three studies 

(Gao et al., 2015; F. Li et al., 2019; Renata et al., 2018) of the 34 included in the review, and two of these 

also performed the gaze recording during the attention task (F. Li et al., 2019; Renata et al., 2018).  

In most studies, the physiological measurement of fatigue using eye-based features took place 

simultaneously as the fatiguing task. In 10 studies, however, an additional gaze-recording task was 

administered before and after the fatiguing task, with the sole purpose of measuring fatigue by recording 

the physiological signals. The gaze-recording task is given in column 2 of Table 2, in brackets, with the 

fatiguing task. The fatiguing tasks that were accompanied by these fatigue measurement tasks were 

largely real-life fatiguing tasks involving professionals in surgery (Di Stasi, McCamy, Macknik, et al., 
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2013), aircraft flying (Di Stasi et al., 2016; Diaz-Piedra et al., 2016; LeDuc et al., 2005), and traffic 

control operation (J. Li et al., 2019). Di Stasi et al. (2012) conducted gaze-recordings during the fatiguing 

task of driving as well as during a guided saccade task before and after the driving task. 

Nine of the studies conducted multi-modal measurement of fatigue using EEG (Gergelyfi et al., 2015; 

Guo et al., 2018; Hopstaken et al., 2015a; Hopstaken et al., 2016; Sengupta et al., 2017; F. Wang et al., 

2019), ECG (Abbasi et al., 2018; Horiuchi et al., 2018), and functional near-infrared spectroscopy 

(fNIRS; Borragán et al., 2018) and were able to confirm the corresponding measurements of mental 

fatigue using eye-based metrics.  

3.4 Eye-based features 

The eye-based features are categorised into the following eye-metric categories: pupil, percentage of 

eye closure, blinks, saccades, fixations, microsaccades, ocular drift, and eye activity. Table 3 portrays 21 

of the features deemed useful as per the quality assessment criteria and so does not include features 

introduced and used only by papers that have a quality assessment score less than 5. The table also does 

not cover the papers that used machine learning algorithms (Gao et al., 2015; J. Li et al., 2019; Yamada & 

Kobayashi, 2018), as the relation between individual features and mental fatigue was not shown. 

Additionally, the operational definitions of the features and their relation to mental fatigue, as observed in 

the included studies, are provided. For a full list of the 52 features covered in all the studies, refer to 

Appendix A4.    

3.4.1. Pupil 

Phasic changes in pupil diameter have been used in various ways to depict mental fatigue. The 

following pupil based features reduced as a function of mental fatigue: mean pupil dilation, peak pupil 

dilation, pupil dilation range (Hopstaken, et al., 2015b; Hopstaken, Wanmaker, et al., 2015; Marandi et 

al., 2018; Yamada & Kobayashi, 2018). The tasks used to induce as well as measure fatigue were 

cognitive tasks performed for 30 minutes to 1.5 hours, except for Yamada & Kobayashi, (2018), who 
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Table 3 

Eye metrics used to measure mental fatigue, their definitions, and their relation with mental fatigue. ↑ indicates an increase in the metric with 
increasing mental fatigue, ↓ indicates decrease in the metric with increasing mental fatigue 

Category Metric Operational definition Mental 
fatigue 
relation 

References 

Pupil Baseline pupil diameter  Mean of pupil diameter for time ‘t’ before the trial, where t=200 
ms or 500 ms 

↓ (Hopstaken, et al., 2015b, 
2015a; Hopstaken, et al., 2015x;  
Hopstaken et al., 2016; LeDuc et 
al., 2005+)  

Normalised baseline 
pupil diameter 

Ratio of the baseline pupil diameter for time ‘t’ before the trial to 
the baseline pupil diameter during the first task, where t=200 ms 

↓ (Burke et al., 2018) 

Pupil dilation as a 
function of time 

Mean of pupil dilation in steps of time ‘t’, where pupil dilation is 
the difference between the trial pupil diameter and baseline pupil 
diameter, and t = 500 ms, 100 ms 

↓ (McGarrigle et al., 2017a, 
2017b) 

Peak pupil dilation  First positive peak of the difference between the trial pupil 
diameter and baseline pupil diameter within the time ‘t’, where t 
= 1500 ms 

↓ (Hopstaken et al., 2015; 
Hopstaken et al., 2015b) 

Pupil dilation range  Range of change in pupil dilation, after subtractive normalisation ↑ (Marandi et al., 2018) 
Pupil constriction 
amplitude  

Difference in initial and minimum pupil diameter, in response to 
a flash of light 

↓ (LeDuc et al., 2005) 

Pupil constriction latency Delay between the flash of light and pupil constriction ↑ (LeDuc et al., 2005) 
Percentage of 
eye closure 

Percentage of eye closure 
(PERCLOS)  

Ratio of time the pupil diameter is at 20% of its normal pupil 
diameter to total measurement time 

↑ (Guo et al., 2018; Tian et al., 
2012*) 

Blinks Blink count Number of blinks in a trial ↑ (Borragán et al., 2018; 
Herlambang et al., 2019; Li et 
al., 2019) 

Blink frequency Number of blinks in a trial divided by the trial time ↑ (Di Stasi et al., 2015; Gergelyfi 
et al., 2015; Marandi et al., 
2018) 

Mean blink duration Mean of the blink durations during the trial ↑ (Herlambang et al., 2019; J. Li 
et al., 2019; Marandi et al., 
2018; Song et al., 2015+; Tian et 
al., 2012*) 
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Category Metric Operational definition Mental 
fatigue 
relation 

References 

Saccades Saccade duration Duration of the saccade ↑ (Di Stasi et al., 2012*, 2016x, 
Marandi et al., 2018+) 

Saccade peak velocity Maximum of the instantaneous velocity during a saccade ↓ (Di Stasi et al., 2012, 2016; 
Marandi et al., 2018; Paladini et 
al., 2016; Renata et al., 2018; 
Sengupta et al., 2017) 

Saccade peak velocity-
magnitude slope 

Slope (m) of the saccade peak velocity-magnitude relationship, 
where saccade peak velocity = m*ln(magnitude)+b 

↓ (Di Stasi, McCamy, Catena, et 
al., 2013; Di Stasi, McCamy, 
Macknik, et al., 2013; Di Stasi et 
al., 2016) 

Area under the curve 
(AUC) of the saccade 
peak velocity-magnitude 

Area under the curve by integration of the saccade peak velocity-
magnitude relationship 

↓ (Diaz-Piedra et al., 2016) 

Microsaccades Microsaccade peak 
velocity-magnitude slope 

Slope (m) of the microsaccade peak velocity-magnitude 
relationship, where microsaccade peak velocity = 
m*ln(magnitude)+b 

↓ (Di Stasi et al., 2015; Di Stasi, 
McCamy, Catena, et al., 2013) 

Eye activity Eye activity Electrical activity of the eye ↑ (Abbasi et al., 2018) 
EEG-derived eye activity 
per minute 

Number of eye movements per minute ↓ (Wang et al., 2019) 

Fixation Number of fixations per 
event 

Total number of fixations for each event ↓ (Lavine et al., 2002)  

Mean fixation duration Mean of the fixation durations ↓ (Cazzoli et al., 2014x; Lavine et 
al., 2002; Marandi et al., 2018x) 

Fixation distance Mean of the distance from fixations to the geometric centre of the 
target 

↑ (Lavine et al., 2002) 

Ocular drift Mean ocular drift velocity Slow random movement occurring during a fixation ↑ (Di Stasi, McCamy, Catena, et 
al., 2013) 

Note. *The metric was not significant for the reference. +The reference showed the opposite relation between the metric and mental fatigue. xThe 
reference could not show a notable pattern between the metric and mental fatigue. 
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used a natural viewing task to measure fatigue. Mean pupil diameter, also depicting phasic variations, 

decreased with time-on-task on a construction equipment operator task of ~2 hours (J. Li et al., 2019).  

Tonic changes in pupil diameter were obtained using baseline pupil diameter, computed for a short 

duration before a trial, and were shown to reduce with time-on-task for four of the six studies that used 

this metric. The four studies showing decrease in pupil diameter used cognitive tasks for a duration of 1-

2.5 hours to induce fatigue (Burke et al., 2018; Hopstaken et al., 2016; Hopstaken, et al., 2015a; 

Hopstaken, et al., 2015). The fifth study that used the baseline pupil diameter also employed a cognitive 

task of ~2 hours, but failed to show a pattern in the data (Hopstaken, et al., 2015b). The remaining study 

compared pupil size before and after an aircraft flying task, and showed an increase in the baseline pupil 

diameter after the ~1 hour task (LeDuc et al., 2005).  

A pupil-based metric defined by the light conditions–the pupil response to light, was shown to 

decrease in size and become increasingly delayed under the effect of fatigue caused by ~1 hour of aircraft 

flying task (LeDuc et al., 2005). 

3.4.2. Blink 

Three metrics from the blink category were positively correlated with mental fatigue: the blink count, 

the blink frequency, and the normalised blink ratio, in all the eight studies that measured these. The 

fatigue inducing as well as measuring task in these studies was mainly a cognitive task (Borragán et al., 

2018; Gergelyfi et al., 2015; Herlambang et al., 2019; Horiuchi et al., 2018; Maffei & Angrilli, 2018; 

Marandi et al., 2018). One study used a driving task (Di Stasi et al., 2015) and another one used a 

simulated construction work (J. Li et al., 2019). The task durations varied from 25 minutes to 4-5 hours.  

Mean blink duration was tested by five studies (Herlambang et al., 2019; J. Li et al., 2019; Marandi et 

al., 2018; Song et al., 2015; Tian et al., 2012), with mixed results. One study showed a decrease in mean 

blink duration with increasing mental fatigue on a task of duration ~2 hours (Song et al., 2015) while 

another reported no significant results on a 20 minute fatiguing task (Tian et al., 2012). Both of these 
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studies induced and measured fatigue using a task of controlling space vehicles, as compared to the tasks 

used by studies that resulted in a positive correlation—cognitive tasks and a simulated construction task, 

all of which had a duration of 40 minutes to 2.5 hours.  

PERCLOS, another derivative of blink duration, also had inconsistent results across the two studies 

that computed it (Guo et al., 2018; Tian et al., 2012).  

3.4.3. Saccade and Microsaccade 

Two metrics from the category of saccade—peak velocity and mean velocity—were inversely 

proportional to mental fatigue according to each of the eight studies that used them. Seven of the eight 

studies generated voluntary saccades using fatiguing tasks such as free visual exploration task (Cazzoli et 

al., 2014), driving (Di Stasi et al., 2012), aircraft flying (Di Stasi et al., 2016; LeDuc et al., 2005), 

cognitive tasks (Marandi et al., 2018; Renata et al., 2018; Sengupta et al., 2017). The remaining study 

involved pro-saccades, a type of saccade generated by following a visual cue, in a gap-overlap saccade 

task (Paladini et al., 2016). In four of the eight studies, additional fatigue measurement tasks such as a 

guided saccade task, generating pro-saccades (Di Stasi et al., 2012, 2016; LeDuc et al., 2005) and an 

attention task, generating voluntary saccades (Renata et al., 2018) were performed before and after the 

fatiguing task. The duration of these tasks ranged from 25 minutes to 2.5 hours.  

Di Stasi, McCamy, Catena, et al., (2013) tested features of saccades and microsaccades that are a 

combination of the known existing features. They hypothesised that the main sequence slope (the slope 

relationship between the saccade/microsaccade magnitude, duration, and velocity) would be affected by 

cognitive processes such as mental fatigue. They computed the slopes of the main sequences and found 

that the saccade velocity-magnitude slopes reduced with increasing mental fatigue. The fatiguing tasks in 

the four studies that used these metrics were all different—aircraft flying (Di Stasi et al., 2016), health-

care shift (Di Stasi, McCamy, Macknik, et al., 2013), driving (Di Stasi et al., 2015), and cognitive tasks 

(Di Stasi, McCamy, Catena, et al., 2013). Three of the four studies used an additional guided saccade task 
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before and after the fatiguing tasks, in order to measure the mental fatigue using pro-saccades (Di Stasi et 

al., 2016; Di Stasi, McCamy, Catena, et al., 2013; Di Stasi, McCamy, Macknik, et al., 2013). All except 

one study controlled the experiment duration to 2 hours; the exception used an experiment duration of 13-

18 hours, to generate a health-care shift. In one study, saccade latency, or the reaction time of saccade 

generation in response to a visual cue, was used to measure the effect of fatigue on attentional 

disengagement on a gap-overlap task, and found that the saccade latency to shift attention from one visual 

cue to another (or the cost to disengage) increased with increasing fatigue (Paladini et al., 2016).  

3.4.4. Machine Learning Features and Methods 

The features described in Table 3 were analysed using methods from descriptive statistics. Three 

papers however, presented results from inferential statistical methods, so the interpretation of the 

contribution of individual features to the results is not easy. Gao et al. (2015) used the features blink 

duration, closing time of the eye, reopening time, blink duration, blink intervals, the velocity of eye 

closure, the velocity of eye reopening, the energy of blinks, slow eye movement duration and proportions, 

number of rapid eye movements (REM), and the duration and energy of REMs and used support vector 

machines (SVM) for fatigue classification. F Li et al. (2019) combined the features gaze velocity 

probability and entropy to classify fatigue. The data were divided into two states—“fatigue,” and “alert,” 

and the researchers used bagged trees to classify fatigue. Yamada & Kobayashi (2018) computed 181 

features from four categories—oculomotor (saccades, fixations, blinks and pupil size), saliency-based 

features, eye movement directions, and gaze allocation (based on probability and entropy of gaze bins)—

to achieve binary classification using a radial basis function kernel SVM.  

3.5 Quality Assessment 

Total scores for the quality assessment criteria are given in column 9 of Table 2, and the individual 

criterion scores are detailed in Appendix A3. From a total score of 8, the studies that obtained a score of 5 

or above (>60%) were considered acceptable in terms of scientific quality. Only 19 of the 34 studies 

obtained a score of 5 or above, and three studies obtained the highest score of 7.5  (Di Stasi et al., 2012; 
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Di Stasi, McCamy, Catena, et al., 2013; F. Wang et al., 2019). Twenty studies obtained a full score on the 

quality assessment criterion 1 and provided an explicit definition of the metrics and the signal processing 

techniques used on the metric. 

We used quality assessment criteria to identify studies that removed the possible causes of 

sleepiness—a good night’s sleep (QA4) and circadian rhythm (QA2), and another criterion to confirm 

mental fatigue (QA6), to identify the features that were more sensitive to mental fatigue than sleepiness. 

Five studies fulfilled all the three criteria (Burke et al., 2018; Di Stasi et al., 2012; Di Stasi, McCamy, 

Catena, et al., 2013; Di Stasi, McCamy, Macknik, et al., 2013; F. Wang et al., 2019). These five studies 

had used seven different features—normalised baseline pupil diameter, saccade peak velocity-magnitude 

slope, microsaccade peak velocity-magnitude slope, saccade duration, saccade peak velocity, mean ocular 

drift velocity and EEG-derived eye activity per minute—to measure mental fatigue.  

4. Discussion 

This systematic review reports on the eye metrics associated with mental fatigue and describes the 

relation of the metrics to mental fatigue. Among the 34 studies included in the review, 21 useful eye-

based metrics were used to measure mental fatigue, which was induced using a variety of tasks, including 

cognitive, driving, and attention tasks, for a duration of 20 minutes to 18 hours. It is crucial, at this stage 

of research, to provide an overview of the literature and to understand the direction in which the mental 

fatigue measurement research is headed. 

4.1 Relation between Mental Fatigue and Eye Metrics 

The most promising metrics for fatigue detection were based on saccadic movements. Bahill & Stark 

(1975) and Schmidt et al. (1979) were the first researchers to study the effects of fatigue on saccade 

characteristics. Saccade duration was found to increase while saccade magnitude and velocity reduced for 

fatigued participant (each study had one fatigued participant). Moreover, Bahill & Stark (1975) claimed 

that the saccadic points during a fatigued state do not belong to the main sequence (using data from one 

fatigued participant). Conversely, Di Stasi et al. (2012) plotted the saccade peak velocity versus saccade 
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magnitude data from fatigued participants and the plot follows the expected main sequence curve, but 

with a different slope. They hypothesized that the slope of the saccadic as well as microsaccadic main 

sequence reduced as a result of fatigue. The slope was found to be significantly reduced due to the effect 

of mental fatigue, and at the same time, the individual saccade characteristics– saccade magnitude and 

peak velocity–reduced as an effect of mental fatigue. Although this has not been discussed in the papers, a 

possible explanation could be that the decrease in saccade peak velocity was higher than the decrease in 

saccade magnitude, resulting in an overall decrease in their slope. Another observation that supports this 

theory is that the slope of saccade duration and magnitude is not found to show a notable effect of mental 

fatigue. Saccade duration and magnitude are known to increase and decrease with time, respectively, and 

a simultaneous constant change in the slope would mathematically not be possible. Deeper inspection of 

the reason behind the simultaneous reduction of the saccade velocity–magnitude slope and the individual 

features with time is required.  

Saccade generation is controlled by a structure in the midbrain called superior colliculus (SC). SC is 

involved in computation of eye displacement to reach the target and the saccadic velocity (Purves et al., 

2001). Another region associated with saccade generation is the brainstem, specifically the omnipause 

neurons. The inhibitory activity of omnipause neurons coincides with the occurrence of saccades, and 

they have been recently theorized to increase the sensitivity of the saccade-generating neurons–excitatory 

burst neurons–to the stimuli from SC (Optican, 2008). This increased sensitivity is also responsible for 

the switch from a fixation to saccadic movement. Lesions in omnipause neurons have been linked to a 

subsequent increase in saccade duration and reduction in saccade velocity (Miura & Optican, 2006), 

similar to the effects of fatigue. However, the neural mechanisms preceding these effects of fatigue on 

saccades are not yet completely understood and need further research.  

Pupil size and electrophysiology have previously been exploited using adaptive gain theory, which 

has been developed in neuroscience to explain the activity of locus coeruleus (LC) neurons and their 

relation to task engagement and arousal (Aston-Jones & Cohen, 2005). LC neurons have two modes of 
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activity: phasic and tonic. During the phasic mode, norepinephrine is released in bursts which can be 

observed as an increase in pupil dilation locked to the task (or stimulus-evoked pupil dilation), while the 

ongoing task is exploited and task performance is improved. During the tonic mode, only baseline 

norepinephrine is released, and the phasic LC responses are reduced, leading to an exploration of tasks 

that best utilise the resources and subsequently task performance declines. Based on this theory, 

Hopstaken et al. (2015b) have proposed a third mode of working of the LC neurons—the disengagement 

mode. In this mode, both the stimulus-evoked pupil dilation and the baseline pupil diameter decrease in 

amplitude, and this is accompanied by disengagement from the current task and low attention levels. 

Using well-designed experiments and cognitive tasks, the baseline pupil diameter (pupil diameter before 

the task stimulus appeared) was shown to decrease with time-on-task in three out of the five papers that 

studied it (Hopstaken et al., 2015; Hopstaken et al., 2015a; Hopstaken et al., 2016). Following the same 

theory, peak pupil dilation was confirmed to reduce with time-on-task. However, this theory on the third 

output mode of the LC needs further investigation with respect to the LC activity, cognitive load, and the 

behavioural outcomes of the task. 

Pupil response to light, on the other hand, exhibits delayed effects and a reduced pupil size due to 

fatigue. This response is a part of the Fitness Impairment Test (FIT), commercially developed to test the 

fitness of shift workers (Portman-Tiller, 1998). Although the results of the original FIT testing did not 

show correlations between the pupil constriction amplitude and mental fatigue (Portman-Tiller, 1998), 

LeDuc et al. (2005) successfully showed the effects of mental fatigue using pupil constriction amplitude 

and latency.  

The studies using blinks to indicate fatigue depicted an increase in blink frequency and mean blink 

duration with time-on-task. John A. Stern et al. (1984) attributed a reduction of blink frequency during a 

task (visual as well as non-visual) to increased attention to the task, followed by a compensation by an 

increase in the number of blinks on completion of the task. Eckstein et al. (2017) have theorized that this 
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reduction in blink frequency during the task leads to lack of moisture in the eyes and the subsequent 

increase in blinks towards the end of long experiments. 

Neurologically, blink frequency has been used as a non-invasive measure of the neurotransmitter–

dopamine due to the robust correlation between the two (Eckstein et al., 2017; Jongkees & Colzato, 2016; 

Nieoullon, 2002). This relationship also explains the lower blink frequency in Parkinson’s patients, in 

whom the dopaminergic neurons are degenerating (Lou, 2009). Dopamine is involved in a network of 

self-regulation of cognition (Lou, 2009), in the decision making process of exploitation of the ongoing 

task versus exploration of different tasks (Boksem & Tops, 2008). When the network in the brain 

determines that the rewards from the ongoing task do not fulfil the expectations from the task, dopamine 

level reduces, resulting in the perception of fatigue. This reduction in dopamine is associated with a 

reduction of blink frequency. This suggests that the explanation of mental fatigue via neuroscience would 

indicate a decrease in blink frequency. The combined effects of the reduced dopamine, eye moisture, and 

the compensation for blink suppression, could affect blink measures due to mental fatigue. The increased 

blink frequency observed in the studies in this review could be due to an overall increase in blink 

frequency to compensate for blink suppression during the task and to regulate the eye moisture. The 

relative changes in blinks due to each of the above factors needs to be further researched.  

Similar to blink duration, PERCLOS was hypothesised to increase with fatigue, but it is linked to the 

propensity to close the eyes during a state of drowsiness, as per the development of the metric for 

detection of drowsiness during driving (Wierwille et al., 1994). 

Some of the metrics used have no basis in prior hypotheses—pupil dilation range, mean ocular drift 

velocity, and fixation distance. They showed effects of mental fatigue in one study each. These metrics 

are indicators of instability in the gaze and pupil, and they depict an increase in the instability due to 

mental fatigue (Di Stasi, McCamy, Macknik, et al., 2013).  
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By employing quality assessment scores, we identified features that could be more sensitive to mental 

fatigue than sleepiness, using criteria to eliminate the causes of sleepiness, such as inadequate sleep the 

night before the experiment or circadian effects. This set of features was derived from saccades, 

microsaccades, pupil, and eye movement. Saccade peak velocity seems the most promising amongst 

these, as it was consistent and verified by multiple studies. Another promising feature is normalised 

baseline pupil diameter, depicting the tonic changes in pupil size as a measure of mental fatigue. The only 

problem with this feature is the requirement of a controlled environment, to prevent changes in the pupil 

due to varying illumination. This problem has been depicted in the studies included, which employed 

saccade features in varied indoor and outdoor settings, compared to the controlled laboratory settings 

where pupil size features were used to analyse effects of mental fatigue. Saccade and microsaccade peak 

velocity-magnitude slopes were introduced as features by Di Stasi, McCamy, Catena, et al. (2013) and 

shown to measure fatigue using various fatigue-inducing tasks such as cognitive tasks, surgery duty, 

aircraft flying and driving. The tasks used to record eye movements, in the three of the four studies above 

were guided saccade task, generating pro-saccades, and a driving task, causing voluntary saccades, in the 

last one. These features have shown to be responsive to mental fatigue in varied experimental conditions. 

Saccade duration, on the other hand, showed inconsistent results across the three studies it was used in, 

and requires further research. The last one of the features—eye movement—was computed using EEG 

frontal cortex electrodes (F. Wang et al., 2019). The study confirmed mental fatigue using questionnaires 

as well as using power spectrum from the EEG signals. Further research is needed to resolve this feature 

in terms of the eye based signal from the current EEG signal. An important note here is that none of the 

above features included blinks, which indicates that blinks are less sensitive to mental fatigue than to 

sleepiness. 

4.2 Definition of Mental Fatigue 

Although a definition of mental fatigue is not the basis for this review, it is a foundation for the 

understanding and measurement of mental fatigue. From the 17 papers that provided their understanding 
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of mental fatigue, the following definition emerged as the accumulated one: mental fatigue is a subjective 

feeling associated with a reduction in mental resources, including attention and information processing 

abilities, and a reduced motivation that develops with sustained cognitive effort over time and that can 

impact task performance.  

However, some papers either included drowsiness as a symptom of mental fatigue (Paladini et al., 

2016), equated mental fatigue with fatigability (Burke et al., 2018), or provided no explicit understanding 

of mental fatigue (Di Stasi et al., 2015, 2016; Diaz-Piedra et al., 2016; Horiuchi et al., 2018; Lavine et al., 

2002; LeDuc et al., 2005; F Li et al., 2019; McGarrigle et al., 2017a, 2017b; F. Wang et al., 2019).  

There are several existing theories on generation of mental fatigue, as reviewed by (Pattyn et al., 

2018). A traditional theory on fatigue describes a fixed pool of resources, depletion of which results in 

fatigue. However, this resource theory does not include the influence of motivation on fatigue. We shortly 

describe two theories which we expect to have merit – the motivational control theory of fatigue and the 

cost-benefit theory. Both explain a series of computations on the cost of pursuing the current action and 

the benefits of the goals achieved, but while the latter suggests that the realization that the costs (efforts) 

required by the task are high and the rewards are low results in a reduced motivation on the task and 

subsequent increase in fatigue, the former theory suggests that repeated computations of costs and 

benefits and performing a task with low motivation is the cause for fatigue (Boksem & Tops, 2008; 

Hockey, 2010). Boksem & Tops have backed the cost-benefit theory with neuro-biological evidence on 

the cost-benefit computations.  

4.3 Behaviour and Mental Fatigue 

Mental fatigue definitions are generally associated with reductions in performance (Herlambang et 

al., 2019; Hopstaken et al., 2015a; Hopstaken et al., 2016; J. Li et al., 2019; Sengupta et al., 2017), as also 

proven in 10 of the 34 studies. However, in practice, the feeling of fatigue is often caused by an attempt to 

maintain performance on the task (Burke et al., 2018; Di Stasi et al., 2015; Marandi et al., 2018), which 
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would result in no or minimal variation in the overall performance. Burke et al. (2018) verified this, as the 

reaction time on the cognitive task increased, but accuracy did not change, which could indicate that the 

participants, in an attempt to maintain the accuracy, took even more time to complete the task. Another 

reason for the low variation in performance could be a temporary increase in arousal levels in order to 

complete a short and simple task (Di Stasi, McCamy, Macknik, et al., 2013; Hopstaken et al., 2015a). In 

other studies, performance measures like accuracy were affected more by motivation (Herlambang et al., 

2019) or task difficulty (Di Stasi, McCamy, Catena, et al., 2013; McGarrigle et al., 2017a) than by time.  

4.4 Limitations 

4.4.1 Experimental Methods 

When combining the studies and investigating the relation between mental fatigue and the eye-based 

metrics, it quickly became clear that a meta-analysis would not be possible due to the diversity in the 

experimental methods used. Comparison of the same metric between the studies was difficult for a 

number of reasons, including duration of the experiment that varied from 20 minutes to 18 hours and the 

use of various combinations of fatigue, stress, or sleepiness questionnaires to detect the subjective feeling 

of fatigue. While Tian et al. (2012) obtained a positive correlation between the time-on-task and the mean 

blink duration for a space-vehicle control task of 20 minutes, they concluded that the task did not cause 

mental fatigue. However, the results could not be verified due to a lack of analysis of a fatigue 

questionnaire or behavioural measures. By contrast, Song et al. (2015) found a negative correlation 

between the mean blink duration and the fatigue score, although the fatigue score increased with time on a 

spacecraft-support control task that lasted for 1 hour 45 minutes. Another inexplicable result is the lack of 

a pattern for the baseline pupil diameter in one study (Hopstaken et al., 2015b), although the same 

cognitive task performed for a similar amount of time (~2 hours) in similar experimental conditions 

resulted in a decrease in the baseline pupil diameter (Hopstaken et al., 2015a). 

The diversity in the understanding of mental fatigue in the studies is realised by the variety of fatigue 

questionnaires used to verify the subjective feeling of mental fatigue. Even when multiple studies used the 
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same questionnaire, a visual analog scale, the original scale had 18 items, whereas McGarrigle et al., 

(2017a) used a subscale with 13 items, and still others used only one item (Abbasi et al., 2018; Borragán 

et al., 2018; Herlambang et al., 2019; Paladini et al., 2016). 

A number of studies used a driving task to induce mental fatigue, and the conditions of the 

experiment were monotonous and uncomplicated in three of the four studies. In driving research, this 

fatigue is termed passive task-related fatigue, and it requires minimal cognitive as well as physical 

activity. This type of fatigue is related to underload conditions, where participants experience fatigue due 

to boredom and low cognitive activity, as opposed to overload conditions that require high cognitive 

demand (May & Baldwin, 2009). It is debatable to compare the mental fatigue caused by driving in 

monotonous conditions to cognitive tasks that are customised to generate maximal cognitive load that 

would still allow high performance (Borragán et al., 2018). The fourth study added a secondary attention 

task to the existing driving task, which increased the complexity of the mental fatigue experiment and 

would make the task comparable to other cognitive tasks inducing cognitive load. A possible solution to 

clarify the cause of mental fatigue would be to verify whether the fatiguing task increases the cognitive 

load for the participants. 

Use of nervous system stimulants such as caffeine can have invigorating effects on humans and 

counter fatigue (Connell et al., 2017), which is why multiple included studies asked participants to refrain 

from caffeine before performing the fatigue measurement experiments. However, missing even a morning 

coffee by habitual caffeine drinkers can initiate withdrawal effects (Phillips-Bute & Lane, 1997). A step 

towards control for the effect of caffeine could be to analyse data while controlling for the effect of 

caffeine intake. Controlling for effects of confounding variables is a common practice in medical articles 

(Nyklíček & Vingerhoets, 2000), and can be adopted using analysis methods such as regression. 

A final matter for the experimental design is the use of dark or dimly lit rooms during the experiment. 

Most of the studies were not specific about the luminance level of the environment or the screen the 

participants were facing, but dimly lit rooms indicate low illuminance, which has been linked to low 
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attention (Zhu et al., 2019). A recent study has attempted to disassociate mental fatigue and sleepiness 

(Hu & Lodewijks, 2020), and while the papers in this review have attempted to control for every known 

factor that could induce sleep-related fatigue, performing the experiment in dimly lit rooms is a 

questionable practice that could be argued to cause drowsiness, either in addition to or instead of mental 

fatigue.  

4.4.2 Data Analysis 

Transparency in the signal processing techniques is one of the most important requirements of a 

paper, as it allows the experiment to be repeatable. About 40% (14 papers) of the papers included in this 

review did not expand on the signal processing techniques or provide a description of the metrics used. 

Clear signal processing techniques are especially important when the same signals are obtained using 

various technologies, like EEG, EOG, eye-tracking, or video cameras. 

A number of the metrics used for measurement of mental fatigue, such as PERCLOS, have been 

derived from sleep studies (Hu & Lodewijks, 2020; Wierwille et al., 1994), because the concept of mental 

fatigue being different from sleepiness has been developed only recently in the field of psychology 

(Borghini et al., 2014; Hu & Lodewijks, 2020; Lal & Craig, 2001). There might be some basis for 

deriving the objective metrics from sleep studies, since both mental fatigue and drowsiness are associated 

with low arousal; however, it is important to determine whether the metrics respond differently to a state 

of mental fatigue than they do to drowsiness. 

4.5 Future Directions 

The analysis of the papers included in this review has shown that the following areas need 

consideration when measuring mental fatigue using eye-based features: 

4.5.1 Studies with Patients 

Multiple studies have measured mental fatigability and have found it higher in people with depression 

(Hopstaken et al., 2015), multiple sclerosis (de Rodez Benavent et al., 2017; Niepel et al., 2013), 
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traumatic brain injury (Maruta et al., 2014; Möller et al., 2019), and hearing impairment (McGarrigle et 

al., 2017a; Y. Wang et al., 2017) compared to healthy controls. Mental fatigability is a problem for these 

patients as a result of changing neurobiology (Chaudhuri & Behan, 2004), and results in an expeditious 

feeling of mental fatigue. However, acute mental fatigue has not been studied in the patients. 

Understanding the progress of mental fatigue and its indicators in the target population is crucial to 

reducing the mental fatigability and thereby, the quality of life of the patients. Although inducing mental 

fatigue in patients with an underlying condition, with possible adverse effects on their health, may be 

ethically questionable, this can be important for the understanding and management of fatigue for the 

patients as well as for their caregivers. 

4.5.2 Taking advantage of non-invasive equipment 

The non-invasive eye-tracking and EOG equipment provide a unique opportunity to assess mental 

fatigue in naturalistic settings, without disturbing the subject by asking questions, requesting additional 

tasks, or requiring the use of uncomfortable equipment. However, use of the equipment for fatigue 

detection has not been brought into real-time scenarios. This is also discernible when reading the papers 

that used real-life scenarios of fatigue development and detection, in fields like health care (Di Stasi, 

McCamy, Macknik, et al., 2013), the military (Diaz-Piedra et al., 2016; LeDuc et al., 2005), or 

transportation (Di Stasi et al., 2016, 2012; F Li et al., 2019; F. Wang et al., 2019). These would be the 

ideal situations where non-invasive, wearable equipment could continuously track the physiological 

signals. The current studies do not exploit the full potential of eye-tracking and EOG or their ability to 

detect mental fatigue using eye behaviour during natural tasks.  

4.5.3 Better Understanding of Mental Fatigue 

The concept of mental fatigue is not standalone. It depends on sleepiness; it is affected by motivation 

and cognitive load, and it has an effect on attention. For a comprehensive understanding of mental 

fatigue, the following concepts need to be studied in relation to mental fatigue: 
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4.5.4.1. Sleepiness. The concepts of sleepiness and mental fatigue have only recently been 

differentiated in their definitions and understanding (Hu & Lodewijks, 2020). A few metrics used 

for mental fatigue detection find their origin in sleep research, but it is crucial to establish 

whether these metrics are actually detecting mental fatigue. We have outlined a checklist on 

quality of the experiment design in Table 1, which would ensure that mental fatigue is measured. 

We also propose controlling for confounding variables, such as caffeine intake, during data 

analysis. 

4.5.4.2. Cognitive Load and Motivation. Mental fatigue is expected to be accompanied by 

degradation in task performance; however, that is not always the case. The reasons for this 

discrepancy could stem from a high motivation to maintain task performance by applying more 

effort despite experiencing mental fatigue. Higher cognitive load and low motivation are known 

to generate increased mental fatigue (Boksem et al., 2006; Borragán et al., 2017). It would be 

helpful to use various eye-based features in further studies on cognitive load and motivation and 

how they relate to mental fatigue. Another reason why performance decreases are not observed 

could be that mental fatigue does not exist in binary levels (i.e., fatigue/no fatigue), but ascending 

degrees of mental fatigue could exist, with each degree of mental fatigue affecting performance 

and behaviour in non-linear ways.  

Detection of mental fatigue in real time can have major implications in various fields, such as critical 

professions like transportation, to prevent individuals from committing gross errors; like health care, to 

improve the quality of life of people disrupted by extreme fatigue, especially when it involves a 

technology used for communication, such as augmented and assisted communication system or brain-

computer interfaces; and like education, to vary the length of classes depending on the topic and cognitive 

load it can generate. The metric that can detect mental fatigue in real time could become a standard tool 

for mental health, similar to the use of heart rate to determine physical fitness.  
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In conclusion, the existing evidence from 34 papers shows the promise of 21 eye-based features for 

assessing mental fatigue. Pupil size features of baseline pupil diameter and peak pupil dilation have been 

shown to decrease with time-on-task; however pupil size is currently usable in controlled laboratory 

settings only. The mean and peak velocity of saccades seem to have the most reliable results, even for 

mental activity of less than 30 minutes, and are versatile in terms of the environmental conditions and 

fatiguing tasks. The eye-based metrics found to be more sensitive to mental fatigue, than to sleepiness, 

were saccade peak velocity, normalized baseline pupil diameter, and EEG-derived eye movements. 

Blinks increase with time-on-task, indicating a decrease in arousal, but this might be an indicator of 

sleepiness rather than mental fatigue. This line of research requires further investigation with respect to 

the relationship between mental fatigue and sleepiness and the differentiation in the detection of both. 
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Abstract

Mental fatigue is a common problem associated with neurological disorders. Until now,

there has not been a method to assess mental fatigue on a continuous scale. Camera-

based eye-typing is commonly used for communication by people with severe neurological

disorders. We designed a working memory-based eye-typing experiment with 18 healthy

participants, and obtained eye-tracking and typing performance data in addition to their sub-

jective scores on perceived effort for every sentence typed and mental fatigue, to create a

model of mental fatigue for eye-typing. The features of the model were the eye-based blink

frequency, eye height and baseline-related pupil diameter. We predicted subjective ratings

of mental fatigue on a six-point Likert scale, using random forest regression, with 22% lower

mean absolute error than using simulations. When additionally including task difficulty (i.e.

the difficulty of the sentences typed) as a feature, the variance explained by the model

increased by 9%. This indicates that task difficulty plays an important role in modelling men-

tal fatigue. The results demonstrate the feasibility of objective and non-intrusive measure-

ment of fatigue on a continuous scale.

Introduction

Acute mental fatigue is revealed as a critical issue across the general working population, as

work shifts from being physically to mentally challenging [1, 2]. Acute mental fatigue is caused

by sustained cognitive processing over a period of time [3]. We use acute mental fatigue inter-

changeably with mental fatigue for the rest of this paper. Fatigue, physical as well as mental, is

a relevant problem especially for people with neurological disorders like Amyotrophic Lateral

Sclerosis (ALS), Cerebral Palsy (CP), or Multiple Sclerosis (MS) [4–6], as a result of increased

fatigability [7]. People with neurological disorders, having restricted use of limbs and reduced

oral abilities, are increasingly using an augmented and alternative system with eye-tracking to

work and communicate. Fatigue, which we consider to incorporate mental fatigue, can cause

reduced quality and quantity of communication [5]. In the current study, we tested the feasi-

bility of mental fatigue prediction on a continuous scale with healthy volunteers during an

eye-typing task.

Several studies have explored mental fatigue detection, caused by a prolonged cognitive task,

from features measured using eye-tracking, such as pupil diameter, blinks and saccades. Tonic
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changes in pupil diameter are linked to mental fatigue and arousal via neural activity in locus

coeruleus and as mental fatigue increases, baseline-related pupil diameter is expected to reduce

[8]. Blink features such as blink frequency, blink duration and blink interval have been shown

to be sensitive to increasing time-on-task [9, 10]. Bursts of blinks is another phenomenon stud-

ied, where increasing mental fatigue is accompanied by increase in blink bursts [11]. Eye move-

ment features derived from saccades—rapid eye movements between gaze positions—have also

been associated with mental fatigue. Saccades have been found to get shorter and faster as indi-

viduals get more fatigued [12, 13].

Most experimental setups investigating mental fatigue manipulate the task duration to

induce fatigue and analyse variation in fatigue with time-on-task [8, 14–18]. Borragán has

shown that while time-on-task plays a role in generating mental fatigue during continuous

cognitive processing for an extended period of time, cognitive load, or the demand for alloca-

tion of mental resources to the task, is also an important factor [19]. Previous research has

explored variations to the theory on mental fatigue caused by cognitive load, and they empha-

sise that mental fatigue is imposed from individual perception of high task demands, rather

than high cognitive load per se [20, 21]. Pattyn et al. have extended this theory and created the-

oretical models that place an important role on the perception of effort and its effect on mental

fatigue [22]. However, the influence of the cognitive load on fatigue measurement using eye-

tracking features has not been explored.

Eye-tracking based psycho-physiological signals have been used to classify mental fatigue in

healthy individuals [17, 18]. These papers classify fatigue into two mental states—fatigued and

alert. However, we hypothesise that fatigue assessment have more levels than just the binary

states. The bases for this hypothesis are that (1) mental fatigue increases in an accumulative

process [23] and (2) mental fatigue questionnaires that have been used reliably in the medical

field use non-binary scales to determine fatigue, rather than specify a threshold to classify the

user as fatigued or alert [24–26]. Moreover, methods to counteract fatigue, such as taking a

break [27, 28], or monitor health [18] could be improved further and personalised to the level

of fatigue. Tracking mental fatigue with a higher granularity can be useful to systematically

explore other ways to counter the problem of fatigue. Furthermore, with the ubiquitous and

non-intrusive nature of eye-tracking, mental fatigue detection could help to improve the qual-

ity of life for people with neurological disorders as well as the general working population.

In the present study, cognitive processing during a task of eye-typing was used to induce

mental fatigue, which was classified into six increasing levels of self-evaluated mental fatigue.

Eye-typing is a known eye-based interactive task. The most common method for eye-typing is

to fixate on each key on an on-screen keyboard for a certain amount of time (known as dwell-

time), until the key is selected [29]. The cognitive processing on the eye-typing task in the pres-

ent experiment was induced by asking the participants to memorise sentences of varying diffi-

culty and eye-type them from memory, thus eliciting cognitive load on the participants. We

identified the eye-based features most useful for the assessment of mental fatigue. Since the

participants were not restricted in their movement, we decided to also study their posture and

its relation to fatigue, based on known relations of increased postural variations during low

arousal periods in tasks [30], and observations of participants lowering themselves in the chair

as the experiment progressed. Finally, we also studied performance measures commonly mea-

sured using eye-typing—typing speed, error rate, attended but not selected rate (ANSR) for

keys and read text events ratio (RTE) [31]. ANSR and RTE are associated with the error rate

during typing and accuracy of the gaze-typing system [32]. Since most of the above physiologi-

cal measures are also commonly investigated when studying cognitive load [33–37] and men-

tal fatigue is affected by cognitive load, in this paper, we will attempt to explain the impact of

the relationship between cognitive load and fatigue on the features studied.
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Materials and methods

Participants

Nineteen healthy volunteers (nine males, 10 females, Age: 25.5 years ± 2.38), all university stu-

dents, participated in the study. None of the participants had photosensitive epileptic seizures

or a history of a brain disorder. The Scientific Ethics Committee for the Capital Region in Den-

mark approved the study protocol (approval number H-18052072). All participants provided

written and informed consent to participating in the study, and they received a gift card worth

500 DKK on finishing the experiment. One participant did not complete the study and was

omitted from the analysis.

Experimental design

Each participant performed the experiment during four different days. Each day, two sessions

were performed in one seating. Each session was composed of five typing-from-memory trials,

which involved reading and memorising a sentence, and typing it from memory using eye-

typing (Fig 1). The source of the sentences was the Leipzig corpus [38], and the readability

score—Lasbarheitsindex (LIX) score [39]—was used to define the level of difficulty. For sim-

plicity, two levels of difficulty were established based on the LIX score—easy, with a LIX score

of less than 30 and difficult, with a LIX score of more than 60. During an easy session, the typ-

ing-from-memory trials involved five easy sentences, and five difficult sentences were applied

during the difficult session. The order of easy and difficult sessions was balanced for each par-

ticipant. Between each trial, 5 s of break time was provided to the participants, to allow the

phasic arousal to return to the baseline [15].

On the first day, after the participants signed the consent form, they read the instructions

on the experiment and the typing procedure. This was followed by a practice session. The

experiment was performed on an on-screen keyboard Optikey [40] using the eye-tracker Tobii

Eye Tracker 4C. The experiment room had lighting of 25-60 lux at the computer screen.

At the end of every trial, the participants answered the effort question from NASA—Task

Load Index questionnaire (NASA-TLX) on a seven-point Likert scale, by selecting a number

using eye-tracking on the on-screen keyboard, in response to the question on the screen,

thereby reporting the perceived effort during the trial. Before starting the experiment each day

and after every session, a question on the subjective level of fatigue on a seven-point Likert

scale was orally answered by the participants [16]. The experiment design is shown in Fig 2.

Native danish speakers performed the test in Danish, and everyone else performed it in

English. Ten participants performed it in English.

Features

The features computed were divided into three groups—performance-based features, eye-

based features and self-reported measures. They are listed in Table 1, with descriptions of each

feature.

Eye-tracking data, obtained using the Tobii Pro software development kit, was filtered by

removing invalid data (data points from the Tobii Eye Tracker 4C that remained constant in

all the data fields) and interpolating spontaneous blinks, defined as missing data for a continu-

ous duration of range 0.075-0.500 s. The pupil data was filtered by removing 0.200 s of pupil

data before and after the blinks and replaced with a linear interpolation of the pupil diameter.

This was followed by application of a hampel filter [41] with removal of outliers larger than 3

standard deviations of the averaged data over 5 samples around the current data sample. The

pupil diameter from the right and left eye were combined using a weighted average, with
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weights computed from the inverse of the standard deviation of 25 samples until the current

data sample. A Hidden Markov Model was used to label saccades, fixations and noise [42, 43].

Fixations of duration less than 0.100 s and saccades of amplitude less than 0.5˚ were labelled as

noise. Furthermore, successive fixations separated by less than or equal to 0.075 s, and the cen-

troids of which were less than 0.5˚ away, were merged.

Blink bursts were identified as two or more blinks occurring within a span of 2 s. The fea-

ture eye height was computed from the vertical position of the eye. Difference between the eye

height during the trial and at the beginning of the day was used to define the feature.

Pearson correlation between right and left pupil diameter was used to determine the quality

of the data. Sessions with a correlation value lower than a threshold of 0.75 were removed

from data analysis of the features.

Self-reported measures were used for subjective evaluation of the cognitive load and mental

fatigue. The effort question from NASA-TLX was selected to focus on the perception of the

effort applied by the participants on the tasks. A single-item measure using the word tired was

Fig 1. Tasks and their order during a trial—reading and memorising an example sentence Think about your skills,
competence, qualifications and experience., typing from memory and reporting the perceived effort during the

completed task. The blue text during the reading task displays the sentence to be typed. When the typing task starts, the

sentence to be memorised disappears.

https://doi.org/10.1371/journal.pone.0246739.g001
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used to define the fatigue level [16, 44]. The experiment required cognitive processing, and did

not involve any physical activity. Moreover, the participants were not restricted in their move-

ment, and thus the fatigue level was assumed to define mental fatigue.

Data analysis

Analysis of self-reported measures. Two types of manipulation check were implemented,

based on the perceived effort of each trial and the fatigue level obtained after every five trials.

The perceived effort was examined for the effects of the the objective task difficulty, session

number, day number and language using linear mixed models (LMM).

Fatigue level was examined to find out if performing the cognitive tasks had an effect. Initial

fatigue level was recorded before the experiment started, intermediate fatigue level after session

1 (after five trials) and terminal fatigue level after session 2 (after ten trials). Wilcoxon-rank-

sum test was performed in the three following sections, analysing (1) difference between the

intermediate and initial fatigue level, (2) difference between the terminal and intermediate

fatigue level and (3) difference between the terminal and initial fatigue level, and if they varied

from 0. Additionally, fatigue level was analysed for the effect of the objective task difficulty,

day number and time of evaluation. To preserve the independence of the fixed variables objec-

tive task difficulty and time of evaluation, the analysis was performed in 3 separate sections,

analysing (1) difference between the intermediate and initial fatigue level for the effect of

objective task difficulty of session 1, day number and language, (2) difference between the

Fig 2. Design of the experiment during one day consisted of two sessions and a total of ten trials. Data Analysis was divided into two parts—prediction of

the fatigue level, correlation analysis and linear mixed model of the data for effects of time-on-task and perceived effort. Trials 1,5 and 10 were used as

representative of the users’ state before and after sessions 1 and 2, respectively, and employed for the prediction and correlation analyses. All trials were used

for the linear model.

https://doi.org/10.1371/journal.pone.0246739.g002
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terminal and intermediate fatigue level for the effect of objective task difficulty of session 2,

day number and language and (3) difference between the terminal and initial fatigue level, to

examine the effect of the order of the objective task difficulty (comparing easy followed by dif-

ficult session to difficult followed by easy session), day number and language. LMM was fitted

to the difference in fatigue level for each of the above cases.

Machine learning analysis: Prediction of the fatigue level. Four models were tested for

the prediction of the fatigue level—adaBoost regressor with regression trees (RT), random for-

est regression (RFR), partial least squares regression (PLS) and support vector regression with

bagging (SVR). The machine learning methods were implemented using the Scikit-learn

library (version 0.22.1) in Python (version 3.6.10). Hyperparameters for all four models were

optimised using grid search and 5 repetitions of 5-fold cross-validation in the Scikit-learn

library.

The training and testing data was normalised to unit Euclidean length. The mean absolute

error (MAE) from 5 repetitions of 5-fold cross-validation was used as the primary metric, with

80% of the data as training data, to compare the performance of the models. We compared

with a random predictor based on Monte Carlo simulations of the target variable, where the

Table 1. Data category and features used to analyse data, and their definitions.

Data

Category

Feature (units) Computation method

Performance features

Performance Typing speed (WPM) Ratio of number of words typed, where one word was counted as five

characters, including space key, and total trial time.

Corrected error rate (%) Ratio of number of backspace selections to total characters typed in a

trial

Uncorrected error rate

(%)

Equally weighted character and word error rate for a trial, where error

rate is the ratio of uncorrected character/word errors to total

characters/words typed

Read text events ratio A ratio of time spent reading the text typed to the trial typing time

Attended but not selected

rate

Ratio of time spent on keys attended, but not selected, to total selected

keys in the trial

Eye-based features

Pupil Baseline-related pupil

diameter (cm)

Absolute pupil diameter computed during 0.300 s period of non-

interpolated time at the end of 5 s of inter-trial time, for every trial

Blink Blink frequency (Hz) Ratio of number of blinks to the trial time

Blink duration (s) Average duration of blinks during the trial

Blink interval (s) Average time interval between consecutive blinks in a trial

Blink burst ratio Ratio of the blink burst events to the blink frequency

Eye

Movement

Saccade amplitude (˚) Distance travelled during saccades in a trial

Saccade duration (s) Average duration of saccades during the trial

Saccade peak velocity

(˚/s)
Mean of the highest velocity during a saccade, denoting the fastest

movement within the saccade, during a trial

Posture Eye height (cm) Mean relative vertical position of the eye in a trial

Self-reported measures

Cognitive

load

Perceived effort Subjective evaluation of the effort question from NASA-TLX on a scale

of 1 to 7

Mental

fatigue

Fatigue level Subjective evaluation of the question—how tired are you at the moment

on a scale of 1 to 7?

WPM denotes words per minute

https://doi.org/10.1371/journal.pone.0246739.t001
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target variable had the same distribution as the fatigue level data collected in the study; the

MAE computed using this simulated data was used to establish the baseline prediction perfor-

mance of the fatigue levels.

To identify features that generated the best performance of the models, feature selection

through recursive evaluation was performed and compared to the models generated with all

the features. The model with the lowest MAE was chosen as the final model. To the feature

combination selected from this step, objective task difficulty was added as a feature and the

model results of MAE and explained variance were compared to the original model without

the objective task difficulty. Feature importance was further computed to explain the impor-

tance of the various selected features.

Up to now, the models were applied in an subject-independent cross-validation setting,

where the data from all subjects was pooled together to train the model, and the testing data

was composed of all subjects. As a last step, the final model was applied in a cross-subject set-

ting and MAE results from leave-one-subject-out cross-validation (LOSOXV) were discussed.

These results would hint at the robustness of the model and show whether the inter-subject

differences in the features selected are greater than the intra-subject differences.

Statistical analysis: Effect of time-on-task and perceived effort on the features. To bet-

ter understand the working of the machine learning models, the effect of perceived effort and

time-on-task on the features was analysed using mixed methods analysis. The entire data anal-

ysis is depicted, along with the experiment design, in Fig 2.

The fixed effects used were of two types—factors, which was language (Danish/English),

and numerical variables comprising of perceived effort, day number (with four increasing lev-

els) and time-on-task (with 10 increasing levels). Perceived effort (with seven subjectively

defined levels), replaced the objective task difficulty (with two objectively defined levels) as a

fixed effect, as the features were expected to be more sensitive to the perceived effort. Random

intercepts were used to model the random effects of the within-subject variability and random

slopes for the perceived effort were added to the model when found to be significant using the

step function from lmerTest package and when the final model converged. Significance was

set at 0.05.

Packages lmerTest (version 3.1.2) [45] and lme4 (version 1.1.23) [46] in R (version 4.0.2)

[47] were used to implement the models, and effect sizes were computed using the package

r2glmm (version 0.1.2) [48], which used the Nakagawa and Schielzeth approach [49]. The p-

values were computed using the Satterthwaite degrees of freedom. Additional post-hoc analy-

sis was performed using the package multcomp (version 1.4.13) [50] and Bonferroni correc-

tion for the p-values.

Statistical analysis: Correlation between fatigue level and the features. To assess the

role of subjective reports of the fatigue level in explaining the machine learning models, Pear-

son correlations between the fatigue levels and the features from the trial numbers 1, 5 and 10

were performed. Significance was set at 0.05.

Results

Each of the 18 participants performed the experiment on four days in total, with 10 trials on

each day. This resulted in a total of 720 trials. Due to a deviation in settings, seven extra trials

were performed, and they were removed from analysis if no self-reported measure was

obtained for the trial. Self-reported measure perceived effort was obtained for 704 trials, which

were all used for its analysis. The correlation between the right and left pupil diameter was

below 0.75 in 15 sessions, which were removed due to increased noise. Furthermore, trials

where data from any feature was missing were also removed. This resulted in a final selection
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of 623 trials, such that each participant had at least 10 trials. Data for each trial consisted of the

performance and eye-based features computed from Table 1 and the perceived effort by the

participant.

The data from trials 1, 5 and 10 on the four days for 18 participants amounted to 216 trials.

Fatigue level data was obtained for 209 of the trials, which were all used for the manipulation

check. Trials from noisy sessions and with missing data were removed, such that each partici-

pant had at least six trials and each fatigue level had at least five data points. One participant

with two trials and the trial with fatigue level 7, which had only one data point, were removed

resulting in 183 remaining trials. The data from these trials and the fatigue levels were used for

machine learning, to predict fatigue level on a six-point Likert scale and for correlation

analysis.

Analysis of self-reported measures

The perceived effort was examined, to determine if it showed an effect of the objective task dif-

ficulty in the experiment. The marginal mean of perceived effort showed a difference of the

objective task difficulty (Easy: 2.95, 95% CI [2.57, 3.33], Difficult: 4.72, 95% CI [4.34, 5.10]).

The perceived effort decreased each day by 0.339 (SE = 0.045) and increased during the second

session by 0.415 (SE = 0.142). Using linear mixed models, we found that the objective task dif-

ficulty had an effect on the perceived effort (χ2(2) = 262.88, p< 0.001, η2 = 0.012). The effect

of the day number was significant (χ2(1) = 54.849, p< 0.001, η2 = 0.060) and so was the session

number (χ2(2) = 8.651, p< 0.05, η2 = 0.010). There was an interaction between the session

number and objective task difficulty and the perceived effort for the easy session reduced dur-

ing the second session by 0.469 (SE = 0.200), but the effect was not significant after multiple

comparisons.

Fatigue level was investigated in 3 parts. (1) Initial and intermediate fatigue level: the mean

of the difference between intermediate and initial fatigue level was 0.299 (95% CI [0.002,

0.596]). Wilcoxon-ranksum test revealed significant difference between initial and intermedi-

ate fatigue levels (V = 421, p = 0.036). Marginal means of fatigue level showed an increase in

the intermediate from initial fatigue level by 0.062 (95% CI [-0.358, 0.481]) after an easy ses-

sion and by 0.556 (95% CI [0.117, 0.996]) after a difficult session. Comparison of initial and

intermediate fatigue levels showed no effect of the objective task difficulty of the first session

using LMM (p = 0.084). (2) Intermediate and terminal fatigue level: The mean of the difference

between the terminal and intermediate fatigue level was 0.714 (95% CI [0.331, 1.098]). Wil-

coxon-ranksum test showed a significant increase in the terminal fatigue level compared to

intermediate fatigue level (V = 914, p< 0.001). Marginal means show increase in the terminal

from intermediate fatigue level after an easy session by 0.139 (95% CI [-0.393, 0.670]) and after

a difficult session by 1.286 (95% CI [0.755, 1.82]). Comparison of intermediate and terminal

fatigue levels using LMM demonstrated an effect of the objective task difficulty of the second

session (χ2(1) = 9.966, p = 0.002, η2 = 0.131). (3) The mean of the difference between terminal

and initial fatigue level was 1.045 (95% CI [0.686, 1.405]). Wilcoxon-ranksum test revealed a

significant difference between terminal and initial fatigue level (V = 900.5, p< 0.001). Mar-

ginal means of fatigue level showed that easy session followed by difficult resulted in an

increase in terminal from initial fatigue level by 1.353 (95% CI [0.836, 1.870]), and difficult fol-

lowed by easy session resulted in an increase in terminal from initial fatigue level by 0.717

(95% CI [0.170, 1.26]). Comparison of initial and terminal fatigue levels revealed no difference

in the order of the sessions using LMM (p = 0.061). Fig 3 depicts the subjective fatigue level

recorded during the experiment.
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Machine learning analysis: Prediction of the fatigue level

Monte-carlo simulations resulted in a baseline MAE of 1.487. All the machine learning models

were compared to this baseline error. The cross-validation results on MAE computed from the

80% training data and 20% testing data, for models generated on all features and for features

selected using recursive feature elimination are given in Tables 2 and 3. Both RFR models

explained high variance in the data while resulting in a low MAE. Based on the consistent

results, RFR with recursive feature elimination was selected as the best performing model over

the RFR model using all features (20% testing data MAE = 1.157), due to the use of fewer fea-

tures. This model was a 22% improvement from the baseline performance.

Fig 3. Subjective fatigue levels—Initial (without pattern), intermediate (lined) and terminal (dotted), for the two different

orders of easy (orange) and difficult (purple) sessions. Error bars indicate standard error.

https://doi.org/10.1371/journal.pone.0246739.g003

Table 2. Model validation based on 80% training data.

Machine Learning Model RFR PLS SVR RT

All features

MAE 0.943 1.022 0.952 1.069

explained variance 23.069% 13.248% 4.439% 13.604%

Selected features

MAE 0.979 0.991 0.939 0.959

explained variance 20.929% 16.834% 24.644% 13.890%

https://doi.org/10.1371/journal.pone.0246739.t002

Table 3. Model results based on 20% testing data.

Machine Learning Model RFR PLS SVR RT

All features

MAE 1.164 1.136 1.064 1.136

Selected features

MAE 1.157 1.299 1.244 1.135

https://doi.org/10.1371/journal.pone.0246739.t003
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On adding objective task difficulty as a feature to the RFR model, the 80% training data

MAE lowered from 0.939 to 0.912, the 20% testing data MAE increased from 1.157 to 1.179

but the resulting model explained 29.347% of the variance in the data, higher by 9% from the

model without objective task difficulty. The variables most important for the prediction were

(in descending order of importance): blink frequency, eye height, objective task difficulty

and baseline-related pupil diameter. Finally, LOSOXV was performed. The resulting testing

MAE was 1.057, with a minimum testing error of 0.609 and a maximum testing error of

1.894.

Statistical analysis: Effect of time-on-task and perceived effort on the

features

To observe the impact of the relationship of mental fatigue with the perceived effort and

increasing time on the features, all features were analysed using LMM, with perceived effort,

time-on-task and day number as the fixed effects. The models were reduced to the optimised

model for each feature, which resulted in elimination of some of the fixed effects in the end.

The results of the main effects are shown in Table 4. The model coefficient β and its standard

error are depicted in the table. A positive β indicates that the dependent variable increases with

increasing independent variable, and a negative β indicates that the dependent variable

decreases with increasing independent variable. The language of the experiment did not affect

any of the features. The optimised model for saccade duration did not contain any fixed effect

and so the feature is omitted from the table. The variation in the features with respect to time-

on-task are shown in Fig 4.

Table 4. Linear mixed effects model results indicating the main effects of perceived effort, time-on-task and day.

Feature Time-on-task Perceived effort Day number

β ± S.E. χ2(1) η2 β ± S.E. χ2(1) η2 β ± S.E. χ2(1) η2

Performance features

Typing speed 0.126 ± 0.023 29.458c 0.013 -0.356 ± 0.041 69.911c 0.036 0.579 ± 0.062 82.969c 0.037

Corrected error rate - - - - - - 1.286 ± 0.264 22.972c 0.015

Uncorrected error rate -0.405 ± 0.173 5.436d 0.004 5.704 ± 0.881 21.701c 0.245 -1.096 ± 0.466 5.506d 0.005

Read text events ratio - - - 0.005 ± 0.001 10.598a 0.042 - - -

Attended but not selected rate -0.019 ± 0.004 18.504c 0.017 0.052 ± 0.013 11.681c 0.046 -0.123 ± 0.012 101.23c 0.095

Eye-based features

Baseline-related pupil diameter -0.033 ± 0.005 43.390c 0.019 - - - - - -

Blink frequency -0.118 ± 0.046 6.463a 0.005 0.801 ± 0.176 14.014c 0.071 0.409 ± 0.124 10.701a 0.008

Blink duration - - - 0.006 ± 0.001 35.089c 0.051 - - -

Blink interval - - - 0.924 ± 0.186 23.872c 0.039 - - -

Blink burst ratio - - - 0.154 ± 0.026 33.398c 0.031 - - -

Saccade amplitude 0.056 ± 0.015 13.069c 0.011 -0.214 ± 0.027 55.113c 0.056 - - -

Saccade peak velocity 1.042 ± 0.428 5.907d 0.003 -5.844 ± 0.771 54.898c 0.035 3.442 ± 1.144 8.987b 0.005

Eye height -0.119 ± 0.024 24.672c 0.028 - - - -0.381 ± 0.062 36.477c 0.041

ap < 0.05
bp < 0.01
cp < 0.001
dBonferroni correction resulted in the feature to be non-significant (p > 0.05)

https://doi.org/10.1371/journal.pone.0246739.t004
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Statistical analysis: Correlation between fatigue level and the features

Correlation to fatigue level was computed for all features. Features with an absolute correlation

greater than 0.1 were: uncorrected error rate (r = 0.102, 95% CI [-0.044,0.243], p = 0.169)

Fig 4. Effect of time-on-task on (a-e) performance and (f-n) eye-based features across all subjects and days for each of the 10 trials representing time-

on-task. Error bars indicate standard error. RTE: Read text events ration, ANSR: Attended but not selected ratio.

https://doi.org/10.1371/journal.pone.0246739.g004
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baseline-related pupil diameter (r = -0.178, 95% CI [-0.315, -0.034], p = 0.016), blink frequency

(r = 0.184, 95% CI [0.040, 0.321], p = 0.012), blink burst ratio (r = 0.160, 95% CI [0.016, 0.299],

p = 0.029) and eye height (r = -0.167, 95% CI [-0.304, -0.022], p = 0.024).

Discussion

In the present study, we modelled mental fatigue for healthy individuals performing cogni-

tively demanding eye-typing tasks. Cognitive load of varying degree was generated using

working memory task of memorising 10 sentences of two levels of task difficulty—easy and

difficult. The fatigue level showed a significant increase after each session, composed of five tri-

als, and the terminal fatigue level was higher when the second session was difficult. The predic-

tion of the fatigue level on a six-point Likert scale using RFR resulted in a 22% improvement

from baseline MAE. On addition of objective task difficulty as a feature, the explained variance

of the model increased by 9%, in comparison to the model without the feature objective task

difficulty. The features selected by the final model—in decreasing order of importance were—

blink frequency, eye height, objective task difficulty and baseline-related pupil diameter.

As expected, the increase in fatigue level was significant after both sessions, but only in the

second session did the task difficulty have an effect on the fatigue level. Moreover, the differ-

ence between the terminal and the initial level did not depend on the order of the difficulty lev-

els of the sessions. This indicates that there may be a non-linear relationship between task

difficulty, time-on-task and mental fatigue.

The increase in the subjective fatigue level was higher after the second session (0.714) com-

pared to after the first session (0.299). We know from literature that evaluation of the fatigue

experienced can lead to re-evaluating the effort on the task and the performance generated

from the effort applied [21]. This is observed in the data, as the participants evaluated their

fatigue level after the first session, which may have prompted them to invest more effort in the

second session, regardless of the task difficulty in the second session, resulting in the perceived

effort being higher in the second session, as observed during manipulation check. This in-turn

may have resulted in increase in the fatigue level after the second session. At the same time, the

performance features such as typing speed and ANSR improved with time-on-task, as seen in

Fig 4, depicting the application of higher effort.

The ability to apply sustained effort on a task to achieve maximum performance has been

termed conation [51]. This concept can help to explain a non-linear relationship between

mental fatigue, task difficulty and time-on-task. Conation provides a divergence from the

resource-based theory of fatigue, which delineates a limited capacity of mental resources avail-

able for tasks, and applying effort on a task reduces some of this capacity, with reduced

resources available for the subsequent tasks. The Framework for Understanding Effortful Lis-

tening (FUEL) is a model based on Kahneman’s attention model [52], and can potentially be

extended to mental fatigue. The model bridges the concepts of effort to motivation level and

task demands, and claims that increase in task demands or motivation can result in an increase

in the effort applied on the task. In this study, the re-evaluation of fatigue after the first session

and conation, along with the link between effort and motivation in increased task demands

from the FUEL model could explain the observed increase in perceived effort during the sec-

ond session.

Prediction of the fatigue level using eye-based data has been performed as a binary classifi-

cation in literature [17, 18]. However, mental fatigue classification on a continuous scale has

more uses in real-life fatigue management [18]. In this study, an RFR model of fatigue level on

a six-point Likert scale predicted the 20% testing data with a MAE of 1.179. If the fatigue level

on the six-point Likert scale had been classified as two classes, the mean absolute error that
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would have resulted in a false classification would have been 1.51. In comparison, our regres-

sion model has resulted in a lower prediction error. While this could have direct applications

for non-intrusively classifying mental fatigue for people with neurological disorders, who use

eye-typing in daily lives, the suggested model still needs to be re-evaluated for the target

population.

The addition of task difficulty to the list of features also improved the explained variance in

the data by the model by 9%, compared to the model without task difficulty. Although the

MAE did not improve by inclusion of the task difficulty, it was shown to be the third-most

important feature in determining mental fatigue. This suggests the importance of modelling

task difficulty and cognitive load in determining mental fatigue. For future applications, recog-

nising the difficulty level of the task could improve the prediction accuracy of mental fatigue.

The best performing machine learning algorithm was RFR, a non-linear model with four

features, including task difficulty. Statistical analysis methods were undertaken to understand

the working of the machine learning model. Two of the four features—baseline-related pupil

diameter and eye height, showed a linear effect of time-on-task and correlated to the subjective

fatigue level with absolute correlation value of greater than 0.1. The third, and the most impor-

tant feature selected—blink frequency—not only showed effects of time-on-task and correlated

to the fatigue level, but also showed high effects of the perceived effort.

The feature blink burst ratio showed conflicting effects of time-on-task and correlation

with fatigue level, compared to blink frequency. While blink frequency reduced with time-on-

task, blink burst ratio did not show any effect of time-on-task. Although, both the features

depicted positive correlation with the fatigue level, only blink frequency was selected by the

RFR model. The only other difference between the features was that blink frequency also

showed effects of the perceived effort. Blink frequency was selected to be the most important

feature by the model. This working of the model indicates that fatigue level might be controlled

by both time-on-task and perceived effort.

The generally low variance explained by the machine learning model (30%) can be attrib-

uted to this complex nature and relations of mental fatigue, time, cognitive load and possibly

other related variables such as motivation, circadian rhythm and food and caffeine intake [1,

10, 53], which were not controlled for or included in the scope of this study.

The LMM showing the effect of perceived effort, time-on-task and day number on the fea-

tures suggest that several features did not behave as expected, with respect to time-on-task. As

per the model coefficient values (β), blink frequency reduced with increasing time-on-task

while saccade amplitude and saccade peak velocity increased. A possible explanation for the

blink frequency could be the increase in the effort applied, indicated by the perceived effort,

during the second session, as the participants attempted to concentrate more while performing

the second session and thereby, blinked less often. Another explanation could be that the

increase in the effort applied could be accompanied by an increase in the arousal level, result-

ing in increase in saccade peak velocity [54], and thereby increased saccade amplitude as time-

on-task increased. The features studied in the study have not been previously studied in com-

bination with an interactive eye-based task, and the effect of such an interaction may have

affected the behaviour of the features in response to cognitive load and time-on-task.

All the features analysed using LMM resulted in the perceived effort having a stronger effect

on the features than time-on-task. The balancing order of the difficulty levels on different days

could have reduced the average effect of time-on-task over each day.

There are additional limitations in this study. No objective measurement of fatigue was

conducted, using e.g. attention tests [55], which could have confirmed the subjective fatigue

level. Although the participants performed two trials for practice, the eye-typing task was not a

common task in the participants’ everyday lives, and there was a large learning effect over the
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days. Finally, all the features examined within the study, with the exception of baseline-related

pupil diameter and eye height, are known to be affected by cognitive load, which may further

have resulted in unexpected variations in the features, such as improvement in performance

features with time-on-task.

Conclusion

Results from the current study indicated that mental fatigue prediction as a regression problem

has a feasible solution. Moreover, mental fatigue, perceived effort and time-on-task are inter-

linked in a complex manner, and modelling of mental fatigue depends on both time-on-task

and perceived effort. We were able to successfully make reasonable predictions of the fatigue

level using three eye-based features, during an eye-typing task—blink frequency, eye height

and baseline-related pupil diameter. On including task difficulty as an additional feature to

predict the fatigue level, the variance explained by the machine learning RFR model improved.

These results are a step towards a better understanding of the cognitive state of mental fatigue.

Finally, it contributes to the development of a non-intrusive method for continuous mental

fatigue detection, that could benefit both people with neurological diseases and general work-

ing population.
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46. Bates D, Mächler M, Bolker BM, Walker SC. Fitting linear mixed-effects models using lme4. Journal of

Statistical Software. 2015; 67(1). https://doi.org/10.18637/jss.v067.i01

PLOS ONE Mental fatigue prediction during eye-typing

PLOS ONE | https://doi.org/10.1371/journal.pone.0246739 February 22, 2021 16 / 17

B.2 Mental Fatigue Prediction during Eye-typing 173



47. R Core Team. R: A Language and Environment for Statistical Computing; 2013. Available from: http://

www.R-project.org/.

48. Jaeger BC. r2glmm: R Squared for Mixed (Multilevel) Models. Package’r2glmm’. 2017;.

49. Nakagawa S, Schielzeth H. A general and simple method for obtaining R2 from generalized linear

mixed-effects models. Methods in Ecology and Evolution. 2013;.

50. Hothorn T, Bretz F, Westfall P. Simultaneous Inference in General Parametric Models. Biometrical

Journal. 2008; 50(3):346–363. https://doi.org/10.1002/bimj.200810425

51. Pichora-Fuller MK, Kramer SE, Eckert MA, Edwards B, Hornsby BWYY, Humes LE, et al. Hearing

Impairment and Cognitive Energy: The Framework for Understanding Effortful Listening (FUEL). Ear

and Hearing. 2016; 37(1):5S–27S. https://doi.org/10.1097/AUD.0000000000000312 PMID: 27355771

52. Kahneman D. Attention and effort. Prentice-Hall, Inc., Englewood Cliffs, New Jersey; 1973.

53. Phillips RO. A review of definitions of fatigue—And a step towards a whole definition. Transportation

Research Part F: Traffic Psychology and Behaviour. 2015; 29:48–56. https://doi.org/10.1016/j.trf.2015.

01.003

54. Di Stasi LL, McCamy MB, Macknik SL, Mankin JA, Hooft N, Catena A, et al. Saccadic eye movement

metrics reflect surgical residents0 fatigue. Annals of surgery. 2013; 259(4):824–829. https://doi.org/10.

1097/SLA.0000000000000260

55. Fan J, McCandliss BD, Sommer T, Raz A, Posner MI. Testing the Efficiency and Independence of

Attentional Networks. Journal of Cognitive Neuroscience. 2002; 14(3):340–347. https://doi.org/10.

1162/089892902317361886

PLOS ONE Mental fatigue prediction during eye-typing

PLOS ONE | https://doi.org/10.1371/journal.pone.0246739 February 22, 2021 17 / 17

174 B Journal Papers



B.3 Smooth-pursuit Performance indicates Mental Fatigue 175

B.3 Smooth-pursuit Performance indicates Mental
Fatigue

Authors
Tanya Bafna, Per Bækgaard & John Paulin Hansen

Journal
submitted to Frontiers in Psychology



1

Smooth-pursuit performance indicates Mental
Fatigue
Tanya Bafna 1,∗, Per Bækgaard 2 and John Paulin Hansen 1

1Department of Management, Technology and Economics, Technical University of
Denmark, Kongens Lyngby, Denmark
2Department of Applied Mathematics and Computer Science, Technical University of
Denmark, Kongens Lyngby, Denmark
Correspondence*:
Tanya Bafna
taba@dtu.dk

ABSTRACT2

Mental fatigue is known to occur as a result of activities related to e.g. transportation, health-3
care and military operations. Gaze tracking has wide-ranging applications, with the technology4
becoming more compact and processing power reducing. Though numerous techniques have5
been applied to measure mental fatigue using gaze tracking, smooth-pursuit movement, a natural6
eye movement generated when following a moving object with gaze, has not been explored with7
relation to mental fatigue. In this paper, we report the results from a smooth-pursuit movement8
based eye-typing experiment with varying task difficulty to generate cognitive load, performed9
in the morning and afternoon by 36 participants. We have investigated the effects of time-on-10
task and time of day on mental fatigue using self-reported questionnaires and smooth-pursuit11
performance, extracted from the gaze data. The self-reported mental fatigue increased due to12
time-on-task, but the time of day did not have an effect. The results illustrate that smooth-pursuit13
movement performance declined with time-on-task, with increased error in the gaze position and14
an inability to match the speed of the moving object. The findings exhibit the feasibility of mental15
fatigue detection using smooth-pursuit movements during an eye-interactive task of eye-typing.16

Keywords: mental fatigue, smooth-pursuit, eye-tracking, text entry, time-on-task, time of day, attention17

1 INTRODUCTION
Smooth-pursuit eye movements are natural eye movements generated to visually track a moving object18
by maintaining a stable image of the object in the fovea (Carl and Gellman, 1987). While smooth-pursuit19
initiation is a mechanical task (Carl and Gellman, 1987), with the need to have a clear image of an20
object on the retina, smooth-pursuit maintenance require cognitive control (Barnes, 2008). Moreover,21
cognitive factors can affect the smooth-pursuit eye movements without voluntary control. Thus, natural eye22
movements could be utilized to assess these cognitive factors. Mental fatigue, a cognitive factor, is closely23
associated with cognitive load and is known to affect the ability to focus attention on a task (Boksem24
and Tops, 2008; Borragán et al., 2017), both of which have been shown to influence smooth-pursuit eye25
movements (Hutton and Tegally, 2005; Kosch et al., 2018). However, the effects of mental fatigue on the26
smooth-pursuit eye movements have not been studied till now.27

1
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Mental fatigue is defined as a reduction in mental resources and motivation to continue the task, generated28
by sustained cognitive processing over time (Boksem and Tops, 2008; Hopstaken et al., 2015; Pattyn29
et al., 2018), and we will study the effect of time-on-task and cognitive load on mental fatigue. Mental30
fatigue is sometimes accompanied with deterioration in task performance (Herlambang et al., 2019; van der31
Linden et al., 2003; Wylie et al., 2020), however, in other cases, mental fatigue is a result of an increase32
in task effort to maintain the task performance (Burke et al., 2018; Marandi et al., 2018). Mental fatigue33
and performance appear to be closely related. Performance on tasks, such as a simple search task or34
decision-making, has been shown to vary depending on the time of day (Blatter and Cajochen, 2007;35
Weinert and James Waterhouse, 2017). This indicates that cognitive processing abilities depend on the time36
of day (Valdez et al., 2008). Hence, we decided to additionally explore if the variations in the processing37
abilities are linked to variation in mental fatigue due to the time of day.38

We implemented an eye-typing task using smooth-pursuit eye movements in an experiment. EyeTell,39
an application developed for calibration-free eye-typing using smooth-pursuit eye movements on a tablet,40
was used (Bafna et al., 2021 [submitted]). The eye-typing framework in EyeTell is implemented using41
an ambiguous keyboard, which allows typing using a small number of on-screen keys (MacKenzie and42
Tanaka-Ishii, 2010). The alphabet is divided into clusters of letters and a key on the keyboard denoting43
a cluster of letters needs to be selected first, in order to subsequently select a letter within the cluster.44
Target letters are circulating counter-clockwise in the outer circle and clusters of letters are circulating45
clockwise in the inner circle (see Figure 1). To select a target, it should be followed for at least 2 s with a46
smooth-pursuit eye movement.47

The first smooth-pursuit based eye-typing system was developed by (Lutz et al., 2015), using one-point48
calibration on a 24-inch screen and a 60 Hz eye-tracker. Using an ambiguous keyboard design, (Lutz et al.,49
2015) achieved a maximum typing speed of 3.41 words per minute (WPM), without training. (Zeng and50
Roetting, 2018) improved the typing system by introducing word-prediction based on a convolutional51
neural network, achieving a maximum typing speed of 4.5 WPM. EyeTell differs from these existing52
keyboards in two ways – (1) it has been implemented on a tablet, and (2) it does not require any calibration.53

In this paper, we report on the effects of mental fatigue, induced by the time of day and cognitive load54
with time-on-task, on smooth-pursuit eye movements. We designed an experiment requiring cognitive55
processing during a smooth-pursuit based eye-typing task, to induce mental fatigue. Two levels of task56
difficulty were generated in a word-recall test, using words of varying difficulty, and thereby generating57
varying cognitive load. The experiment was repeated in the morning and afternoon, to investigate the effect58
of time of day on mental fatigue.59

Smooth-pursuit has been commonly characterized using the root-mean squared error, or gaze deviation,60
and ratio of eye velocity and target velocity, termed smooth-pursuit gain. Although mental fatigue has61
not been studied with respect to the effects on smooth-pursuit, it has been determined that tracking and62
selecting a single object from multiple stimuli, as in the case of EyeTell, requires focused attention on the63
target object (Barnes, 2008). This increase in attention on the target is accompanied with an increase in64
smooth-pursuit gain. (Hutton and Tegally, 2005), using a dual-task paradigm, found that divided attention65
between a non-spatial task and smooth-pursuit task resulted in impairment of the smooth-pursuit and66
thereby a reduction in smooth-pursuit gain and an increase in the gaze deviation. (Stubbs et al., 2018)67
used an enhanced target attention experiment, combining the smooth-pursuit task with an n-back task and68
asking participants if the current moving target color matched the nth most recent moving target color.69
Enhanced attention to the target was accompanied with an increased velocity gain, but the effect was not70
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significant. (Kosch et al., 2018), using the same task paradigm, showed that the gaze deviation was higher71
while performing the dual task, compared to only a smooth-pursuit task.72

In our experiment, the head movement of the participants was unconstrained, which could cause a73
variation in the visual angle due to the distance from the iPad; hence we used the circular nature of the74
target movement and computed angular velocity and angular velocity gain to compute smooth-pursuit gain.75

2 METHODS
In order to find the effect of mental fatigue on smooth-pursuit eye movements, we used EyeTell – a76
smooth-pursuit based eye-typing application on a tablet in the experiment for the stimuli.77

2.1 EyeTell78

The application EyeTell consists of targets moving in two concentric circles. The five targets, separated79
by 72◦, in the inner circle represent a cluster of letters – ABCDEF, GHIJKL, MNOPRS, TUVWXY80
and ZÆØÅ, moving in a clockwise direction. The equi-angular targets in the outer circle, moving in a81
counter-clockwise direction, depend on the previous selection and contain the individual letters from the82
last selected target of cluster of letters from the inner circle, as depicted in Figure 1. A target is selected83
using smooth-pursuit eye movement following the intended target, and a character is typed by selecting a84
target from the outer circle. The application EyeTell and its working performance has been described in85
further detail in (Bafna et al., 2021 [submitted]).86

2.2 Participants87

Thirty-six university students and employees (18 males, 18 females, Age range: 18 – 47 years) volunteered88
for the experiment. The participants had no previous reports of photosensitive epileptic seizures nor a89
history of a brain disorder. The Scientific Ethics Committee for the Capital Region in Denmark provided90
approval of the study protocol (approval number H-18052072). The participants provided informed consent91
to take part in the study, and they received a gift card worth 200 DKK. Six participants were not included92
in the study due to the following reasons – one participant failed to show up for the second session and93
the eye-typing data could not be retrieved for five participants. The data analyzed in the experiment was94
obtained from the remaining 30 participants.95

2.3 Experimental Design96

The participants performed the experiment in two sessions – morning and afternoon. The morning session97
was completed by all participants before 12 pm, and the afternoon session was completed after 12 pm.98
The participants who performed the morning session first completed the afternoon session on the same99
day. The morning and the afternoon sessions on the same day were separated by a minimum of 3 hours.100
The participants who performed the afternoon session first completed the morning session on the next101
day. From the 30 participants whose data was analyzed, 13 performed the afternoon session first, and 17102
performed the morning session first.103

An experimental session was composed of two trials – with the difficulty levels easy and difficult. The104
trial with the easy task consisted of memorizing four easy words and eye-typing them; conversely, the trial105
with the difficult task consisted of memorization of four difficult words and eye-typing. In the first session,106
after receiving instructions on using the application, the participants practiced eye-typing an easy word,107
and then performed the two trials. During each trial, the participants were given 20 s to read and memorize108
the words and were asked to type the words in the same order as they were presented. The difficult words109
were obtained from a list of old and uncommon danish words obtained from the Danish Language Board1.110

1 https://dsn.dk/nyt/nyheder/2011/gamle-og-sjaeldne-ord-i-retskrivningsordbogen
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Words that were rare and unknown were selected by two native danish speakers. The easy words were111
selected as having the same length as the difficult words, from a list of the 360 most common words in112
danish2. The order of the difficulty levels of the trials was balanced within the two sessions, for each113
participant, and also within the participants that performed the first session in the morning and afternoon.114
A schematic of the experiment is provided in Figure 2. The experiment was performed in a laboratory115
blocked from natural light, with stable lighting of ∼ 300 lx, to not influence the participants’ fatigue by116
daylight.117

The participants also answered questions on the quality of sleep the night before and the number of hours118
passed since their last caffeine intake. The quality of sleep had four options ranging from ‘very bad’ to119
‘very good’. The number of hours since the last caffeine intake had the following options – no caffeine120
today, more than fours hours, between three and four hours, between one and two hours and less than one121
hour.122

The EyeTell application logged data at 30 Hz frequency, which included the typing events of target123
selection, the path of the targets and the estimated gaze positions. The data was saved locally on the tablet.124
Additionally, we collected eye-tracking data using a wearable eye-tracker – Tobii Glasses 2 (sampling125
frequency: 100 Hz), as depicted in Figure 3A. The eye-tracker calibration was performed before starting126
the experiment. The data from the eye-tracker was accessed using a licensed version of Tobii Pro Lab. The127
eye-tracking data consisted of timestamps, gaze positions and pupil size.128

The independent variables in the experiment were time-on-task, which was based on the trial number,129
task difficulty level, which could be easy or difficult, session number and time of day, which was morning130
or afternoon. The dependent variables were measured from the performance on the eye-typing task and the131
accuracy of the eye movements when compared to the target movement, indicating the performance of the132
smooth-pursuit eye movement.133

2.4 Data Processing134

2.4.1 EyeTell target data processing135

The data from the EyeTell application was manually processed to synchronize timestamps of the typing136
events with the data from the eye-tracker. We computed the offset of event timestamps, such as letter137
selection, between the two data sources, and ensured that the offset was less than 0.5 s. With the targets138
moving at a constant speed of 48◦/s, this offset translated to a maximum possible angular error of 24◦. We139
expect the synchronization step would not impact the smooth-pursuit gain or gaze deviation, which were140
averaged over multiple selections.141

The positions of the targets, obtained in arbitrary units, were obtained from the EyeTell application in142
the form of x and y coordinates, relative to the screen coordinates. Measurements using a physical ruler143
and the tablet revealed that 53 arbitrary units equaled 1 cm. The position data of the targets followed a144
smooth circular path. These data from the EyeTell application, having a frequency of 30 Hz, was linearly145
extrapolated to match the sampling frequency of the eye-tracker of 100 Hz. The target positions, which146
were used as the ground truth on the smooth-pursuit eye movement, were extracted and compared to the147
gaze position, obtained from the eye-tracker.148

2.4.2 Eye-tracking data processing149

The eye tracking data consists of gaze positions, with x and y coordinates, given in pixels, relative to the150
scenes captured by a camera on the eye-tracking glasses. We captured and saved a representative snapshot151
of a static scene during every trial. Figure 3B shows an example of a representative snapshot, depicting the152

2 https://lhs2010a.skoleblogs.dk/files/2014/08/De-360-ord-ordliste.pdf
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camera view of the wearable eye-tracker. Using the assisted mapping feature of Tobii Pro Lab, the gaze153
positions were mapped onto a 2D coordinate system on this snapshot. This method used image processing154
techniques and similarity between the static scene from the snapshot and the dynamic video scenes to155
model the gaze positions on the static snapshot scene. The resulting mapped points were accompanied by156
a mapping score, between 0 and 1, depicting the similarity between the static scene from the snapshot157
and the dynamic video scenes throughout the trial. This process was repeated for every trial. The tablet158
measurements in the representative snapshot were used to obtain a scaling factor between pixels and159
centimeters – Spx−cm, in MATLAB image viewer, to allow comparison of the gaze and target positions.160
2.4.3 Signal processing161

The target position data from the EyeTell application, expressed in centimeters, and the gaze position162
data from the eye-tracker, expressed in pixels, were compared to one-another, to assess the performance of163
the smooth-pursuit eye movements. To make them comparable, the target position data was converted from164
centimeters to pixels using a scalar factor – Spx−cm, the pixel-centimeter factor extracted as above. The165
conversion process was carried out for every trial separately and was manually verified by overlaying the166
target data on the gaze positions. An example of the overlay is provided in the supplementary material.167

Missing data from the eye-tracker, due to blinks, were linearly interpolated. Further, a hampel filter was168
applied, replacing gaze positions larger than 2 standard deviations, in a radius of 15 points around the169
current data point, with a rolling median. The hampel filtered interpolated gaze positions were used further170
on.171

An initial smooth pursuit classification was performed using velocity and velocity threshold identification172
(IVVT; (Komogortsev and Karpov, 2013)), using 120 px/s as the lower threshold for saccades and 1 px/s173
as the upper threshold to classify fixations. The remaining unclassified data was assigned to the class of174
smooth-pursuit. The threshold values were empirically realized. An instance of the classification process is175
provided in the supplementary material.176

Pearson correlation between the right and left pupil size was computed, and was used as a quality criterion.177
Trials that had a correlation value of 0.75 or less were discarded from the data analysis, due to the low178
quality of the data.179
2.4.4 Smooth-pursuit onset detection of the target selection process180

Although the EyeTell application selected targets using its estimated gaze positions, the application181
sometimes selected a target even though the gaze positions did not follow the particular target path, resulting182
in a false selection. Thus, we used post-hoc analysis of the gaze data and the EyeTell target position data to183
determine whether the target was selected and if it was, we estimated the onset of the selection.184

The gaze position data from the eye-tracker and the target position data from EyeTell, both in pixels, were185
used to detect the onset of the target selection. The path of the targets and the gaze positions obtained in the186
time between the previous target selection and the current target selection was analyzed. Smooth-pursuit187
eye movements generated to follow a certain target ascertain that the gaze positions are closer to the path188
of the intended target and farther from the path of the adjacent targets. The path of the targets, and thereby189
the gaze positions, is circular and so computation of polar coordinates from the circular paths enables190
comparison of the two paths using the polar angles. The polar angle of the gaze positions can match the191
polar angles from only one target.192

The radii and the polar angles for the target positions and the gaze positions were computed. The193
difference in the polar angles of the gaze positions from that of the target, generating polar angle difference,194
was used to confirm the target selection and detect the smooth-pursuit onset. If the target was being followed195
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by the gaze, the polar angle difference would be 0◦. The polar angle difference was examined with respect196
to the maximum possible deviation, denoted by the separation between the intended target and the adjacent197
target. An adjacent target is separated from the intended target by a constant angle; for example, the targets198
from the inner circle, containing five targets, are separated by 72◦. These separation limits between the199
targets, termed angular limits, were used to denote the limits of the polar angle difference that allowed200
selection of the intended target. The smooth-pursuit onset was computed as the timestamp when the polar201
angle difference was within the limit of 0.5 ∗ angular limits for at least 1 s, with the assumption that202
the smooth-pursuit movement would be accurate directly after the user found and started following the203
intended target. An example of the selection process is given in the supplementary material.204

The gaze positions between the smooth-pursuit onset and the selection completion constituted as smooth-205
pursuit eye movements. Finally, as a quality check, only the target selections that contained less than or206
equal to 30% missing data (due to blinks, etc), where percentage of gaze positions with mapping score207
below 0.5 was less then 5% and the smooth-pursuit eye movements lasted more than 1 s, were included in208
the data. The smooth-pursuit eye movements, which had the median polar angle difference greater than209
(angular limits − 20◦), were marked as false selections. This threshold was obtained empirically, by210
observing the false selections which were corrected immediately.211

In order to compute the metrics from the smooth-pursuit eye movements, the gaze positions and target212
positions were converted from pixels to centimeters using the previously used scaling factor - Spx−cm.213
2.5 Metrics from eye-typing and eye movements214

Metrics from three categories were computed and analyzed for effects of mental fatigue – performance,215
eye movements and self-reported measures. The metrics and their definitions are provided in Table 1. The216
independent variables used for the analysis were time-on-task, task difficulty level, session number and217
time of day.218

Angular velocity, with the unit ◦/s, used in the computation of angular velocity gain, was computed using219
the polar angles determined previously for both the target and gaze positions, discounting the movements220
performed during catch-up saccades. The catch-up saccades were determined as the movements classified221
as saccades by the IVVT algorithm, occurring during the smooth-pursuit movements.222

To compute the effect of time-on-task, the eye movement metrics gaze deviation and angular velocity223
gain were also computed for the extremities on time-on-task. Marginal gaze deviation was computed as224
the mean gaze deviation of the first 10 selections, if trial 1 was being considered, and as the mean gaze225
deviation of the last 10 selections, if trial 2 was being considered. Marginal angular velocity gain was226
computed in a similar manner.227

The self-reported measures mental fatigue, sleepiness and physical fatigue were computed on a scale228
of 1-5. The alertness score was a combination of the sleep quality score and alertness from caffeine229
effectiveness. The former had a range from -2 to +2, not including 0. The score of +2 indicated good sleep230
quality and -2 indicated bad sleep quality. The latter had a range from 0, denoting no caffeine in the day, to231
4, denoting less than one hour since the last caffeine intake. Alertness score was computed as the sum of232
these two scores.233

The metrics (except alertness score) were further adjusted for the effect of the alertness score using the234
following formula:235

Xadjusted = X − β ∗ (Alertness score) (1)
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where Xadjusted was the adjusted value of the metric, X , and β the regression coefficient of alertness score236
estimating the relation with the metric, computed over all participants. The adjusted values of the metrics237
were used to compensate the estimated effects of sleep quality in the night before and caffeine in the body.238

2.6 Data Analysis239

Linear mixed models (LMM) were used to analyze the data. Random intercepts were employed to model240
the participant variability. The fixed effects of four independent variables – time of day, time-on-task, task241
difficulty and session number – were divided into two data types – factors, which were time of day and task242
difficulty, and numerical variables, which were session number and time-on-task. The packages used for243
the analysis were lmerTest (version 3.1.2; (Kuznetsova et al., 2017)) and lme4 (version 1.1.23; (Bates et al.,244
2015)) in R (version 206 4.0.2; (R Core Team, 2013)). Multiple comparisons was performed post-hoc using245
the package multcomp (version 210 1.4.13; (Hothorn et al., 2008)) and Bonferroni correction was used on246
the p-values. Effect size computation was based on the method by Nakagawa and Schielzeth (Nakagawa247
and Schielzeth, 2013), using the package r2glmm (version 0.1.2; (Jaeger, 2017)).248
2.6.1 Self-reported measures249

The self-reported measures (adjusted for the alertness score) of mental fatigue, physical fatigue and250
sleepiness were assessed for the effects of time of day, time-on-task and session number. The alertness251
score was tested for the effect of time of day, to ensure that the adjustment step for the alertness score did252
not transfer unintended effects.253

2.6.2 Performance metrics254

The performance metrics – typing speed, trial duration and corrected error rate (adjusted for the alertness255
score) were tested for effects of task difficulty, time-on-task, session number and time of day.256

2.6.3 Eye movement metrics257

Gaze deviation, computed for the complete trial duration and adjusted for the alertness score, was tested258
for the effects of task difficulty, time-on-task, session number and time of day. To further test the effect of259
time-on-task on the eye movement metrics, the data acquired during the first 10 selections was selected260
for trial 1 and the data acquired during the last 10 selections was selected for trial 2, to compute marginal261
eye movement metrics. Marginal gaze deviation and angular velocity gain (both adjusted for the alertness262
score) were tested for the effect of time-on-task using LMM.263

3 RESULTS
The data analyzed is from 30 participants performing two trials in each of the two sessions, generating four264
trials per participant. Three of the participants had a pupil correlation lower than 0.75 in all their trials,265
and their data was removed from the analysis. The subjective data from 108 trials (27*4) was used for266
analysis. Eye-tracking data from one of the sessions of four participants could not be retrieved, and the267
performance metrics were available for 100 trials. Finally, the eye movement metrics were computed for268
the trials where the session contained minimum 10 selections in each trial, not including false selections,269
with each selection consisting of a maximum of 30% missing data, containing less than 5% gaze positions270
with a mapping score less than 0.5 and the selection lasting at least 1 s. The eye movement metrics were271
available for 84 trials from 23 participants. We have reported the data in terms of marginal means and the272
standard deviations.273

As a general working of the EyeTell applications, the mean typing speed achieved, including all character274
selections, was 1.28 WPM ± 0.33. The application made false selections for 19.5% ± 12.8 of the targets275
selected by the user.276
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3.1 Self-reported measures277

We hypothesized that the self-reported measures mental and physical fatigue and sleepiness (after adjusted278
from alertness score) would be higher in the afternoon, when compared to the morning, and higher after279
the experiment relative to before the experiment.280

The regression coefficient of alertness score, β, was found to be -0.09, -0.1 and -0.1 for mental fatigue,281
physical fatigue and sleepiness, respectively. The negative coefficients exhibit the inverse relation of the282
self-reported measures with the alertness score.283

The marginal means of mental fatigue showed no effect of the time of day (morning: 2.09 ± 0.11,284
afternoon: 2.22 ± 0.13), as seen in Figure 4A. The mental fatigue increased after the experiment, compared285
to before (before: 1.98 ± 0.12, after: 2.35 ± 0.12). LMM revealed the difference before and after the286
experiment to be significant (χ2(1) = 5.75, p < 0.05, η2 = 0.04). The effects of time-on-task were revealed287
to have significance on multiple comparisons (p < 0.05).288

Physical fatigue showed effect of neither the time of day (morning: 2.23 ± 0.12, afternoon: 2.13 ± 0.10)289
nor the time-on-task (before: 2.14 ± 0.10, after: 2.25 ± 0.11).290

The marginal means for sleepiness were higher in the afternoon compared to the morning (morning: 2.08291
± 0.11, afternoon: 2.34 ± 0.12), however the effect was not significant (p>0.1). The sleepiness was higher292
after the experiment, compared to before (before: 2.09 ± 0.11, after: 2.35 ± 0.11), as seen in Figure 4B.293
The effect was tested using LMM and was found to be significant (χ2(1) = 5.01, p < 0.05, η2 = 0.06).294
There was also an interaction between the time-on-task and session number, depicting a higher increase in295
sleepiness after the experiment, in session 1 compared to session 2 (χ2(1) = 5.76, p < 0.05, η2 = 0.04).296
The effects of time-on-task and its interaction with session number were revealed to have significance on297
multiple comparisons (p < 0.05).298

The marginal means for the alertness score were slightly higher in the afternoon compared to the morning299
(morning: 2.15 ± 0.25, afternoon: 2.48 ± 0.19). The effect was tested using LMM and found to not be300
significant (p > 0.1).301

3.2 Performance metrics302

We hypothesized that the performance metrics would show an effect of the task difficulty, and would303
improve for the easy task.304

The metrics were adjusted for the effect of alertness score, and the regression coefficients, β, obtained305
were -0.4, 0.01 and -0.6 for the trial duration, typing speed and corrected error rate, respectively. The sign306
of the coefficient indicates the relation between the metric and alertness.307

Trial duration was higher for the easy task (easy: 8.52 min ± 0.42, difficult: 7.69 min ± 0.38) but the308
effect was not significant (p > 0.1). Trial duration decreased in the second trial by 1.17 min ± 0.39. The309
duration of the trial reduced in the second session by an average of 2.58 min ± 0.59. Both the effects of310
time-on-task (χ2(1) = 7.78, p < 0.01, η2 = 0.04) and session number (χ2(1) = 28.5, p < 0.001, η2 = 0.2)311
were significant when analyzed using LMM. The effects of time-on-task and session number were revealed312
to have significance on multiple comparisons (p < 0.05).313

The typing speed of the eye-typing tasks increased by 0.13 WPM ± 0.04 in the second trial and by 0.151314
WPM ± 0.064 in the second session, compared to the first. The typing speed was most affected by the315
task difficulty and was higher for easy tasks compared to difficult (easy: 1.36 WPM ± 0.05, difficult:316
1.15 WPM ± 0.04). The effects of time-on-task (χ2(1) = 7.87, p < 0.01, η2 = 0.05), session number317
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(χ2(1) = 8.22, p < 0.01, η2 = 0.06) and task difficulty (χ2(1) = 16.3, p < 0.001, η2 = 0.1) were318
significant. The effects were revealed to have significance on multiple comparisons (p < 0.05).319

The last performance metric – corrected error rate – had no effect of the task difficulty (easy: 16.4% ± 1.4,320
difficult: 14.0% ± 0.9). However, it was found to reduce with time-on-task by 4.68% ± 1.13, and lowered321
by 3.19% ± 1.75 during the second session compared to the first. Using LMM, the effects of time-on-task322
(χ2(1) = 9.12, p < 0.01, η2 = 0.08) and session number (χ2(1) = 4.94, p < 0.05, η2 = 0.04) were323
found to be significant. The effects of session number were revealed to not have significance on multiple324
comparisons (p > 0.05).325

3.3 Eye movement metrics326

We hypothesized that gaze deviation would show an effect of the task difficulty. Additionally, we327
computed marginal eye movement metrics, and compared the metrics from the first 10 selections of trial328
1 to the last 10 selections of trial 2, and hypothesized that the marginal gaze deviation and the marginal329
angular velocity gain would increase and decrease, respectively, with time-on-task.330

The metrics were adjusted for effects of the alertness score and the coefficient, β, obtained were -0.04, -331
0.001 and 0.003 for gaze deviation, marginal gaze deviation and marginal angular velocity gain, respectively.332
The low coefficients indicate that the alertness score did not have a big impact on these metrics.333

Gaze deviation was found to be higher for the easy tasks (easy: 2.68 cm ± 0.08, difficult: 2.51 cm ±334
0.06). The effect was found to be significant using LMM (χ2(1) = 4.92, p < 0.05, η2 = 0.03) and multiple335
comparisons revealed the effect of task difficulty to be significant (p < 0.05).336

Marginal gaze deviation increased as a function of time-on-task by 0.46 cm ± 0.09 (see Figure 5). The337
effect was found to be significant using LMM (χ2(1) = 13.5, p < 0.001, η2 = 0.1), and indicated a338
reduction in the ability to smoothly follow the target. The effects of time-on-task were revealed to have339
significance on multiple comparisons (p < 0.05).340

Marginal angular velocity gain reduced at the end of trial 2, compared to the beginning of trial 1, by 0.08341
± 0.02. The effect of time-on-task was found to be significant using LMM (χ2(1) = 7.21, p < 0.01, η2 =342
0.08). This indicated that compared to the target velocity, the velocity of the eye movements slowed down343
as a function of time-on-task. The effects of time-on-task were revealed to have significance on multiple344
comparisons (p < 0.01).345

4 DISCUSSION
In the present study, we investigated the modulation of mental fatigue with time-on-task and time of day,346
and if the variation in mental fatigue could be observed in smooth-pursuit eye movements. We induced347
mental fatigue due to time-on-task using working memory tasks combined with eye-typing, which was348
repeated in the morning and the afternoon, to observe the effect of time of day on mental fatigue. The349
self-reported mental fatigue increased after the experiment compared to before, however, the effect of the350
time of day was not significant. The smooth-pursuit eye movements exhibited an increase in the mental351
fatigue level; the deviation from the target path increased with time-on-task, while the angular velocity352
gain decreased indicating slowing of the gaze velocity when compared to the target velocity.353

As observed from the data, the time of day did not have an effect on the mental fatigue level. Figure 4(a)354
indicates that mental fatigue recorded before the experiment reduced in the afternoon, compared to the355
morning. The alertness score was slightly higher in the afternoon compared to the morning, although it was356
not significantly so, suggesting that the participants perhaps may have prepared to counteract fatiguing357
effects by ingesting caffeine before the experiment in the afternoon. Moreover, a majority of the participants358
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were from the age group 18-37, who tend to be evening- and neutral-types, in terms of morning-evening359
type of personality (Yoon et al., 1999). However, the increase in mental fatigue due to the task was higher360
in the afternoon (as observed in Figure 4(a)). This indicates that in the afternoon, although the participants361
were not tired before the experiment, performing the tasks could have increased the mental fatigue level.362
Similar to muscle fatigability, which is the failure to maintain force during sustained contraction, mental363
fatigability is the failure to maintain attention during sustained cognitive processing, and could explain364
the phenomenon observed in this study. The effect, however, was found to be not significant using linear365
mixed models, which could be due to the experiment consisting of only two trials, and increased number of366
trials could increase the effect of mental fatigue due to time-on-task in the afternoon.367

Although the number of trials was only two, the experiment resulted in an increase in the mental fatigue368
level. The novelty of the smooth-pursuit task and the memory task with four words could have caused this369
increase in mental fatigue. (Kahneman and Beatty, 1966) showed that the memory load generated by verbal370
recall of four frequently used words was high and could be detected in the pupil dilation. The combination371
of the memory load for the duration of eye-typing with the novel eye-typing methods increased the mental372
fatigue level on the participants.373

We detected an impaired smooth-pursuit performance in response to increase in mental fatigue. Reduced374
attention was assumed to cause the impairment, which has been observed in numerous studies (Stubbs375
et al., 2018; Hutton and Tegally, 2005; Barnes, 2008). Gaze deviation, in our study, was also studied376
with respect to the task difficulty and was found to decrease during the difficult task. This is in contrast377
to a study by (Kosch et al., 2018), depicting an increase in gaze deviation when performing a dual-task378
(n-back) compared to the baseline smooth-pursuit task. Nevertheless, the difficulty of the task in our379
study was increased by increasing the difficulty of the words to be memorized, in contrast to adding a380
secondary task in addition to the baseline eye movement. Our results would have been comparable to the381
results from (Kosch et al., 2018), if they had compared the gaze deviation while varying the ‘n’ in n-back382
tasks. Furthermore, the decrease in gaze deviation during a more difficult task indicated increased focused383
attention to the target, consistent with the results on a dual-task study by (Stubbs et al., 2018), where384
enhanced attention reduced the variability between the gaze and target positions.385

The time synchronization step between the data from EyeTell and the eye-tracker led to a maximum386
uncertainty in the gaze polar angles of 24◦. We have no reason to believe that the gaze polar angles were387
always lagging or always leading, compared with the target polar angles. Moreover, the metrics computed388
during the smooth-pursuit eye movements were averaged over several selections, and the offset could not389
influence the metrics in one direction or bias the results.390

We decided to control for the effect of caffeine using data analysis by correcting the metrics for the391
alertness score, which accounted for caffeine intake and the sleep quality from the night before the392
experiment. Most of the studies on mental fatigue measurement restrict substance use before the experiment,393
to not confound the data (Hopstaken et al., 2015; Marandi et al., 2018). However, it can be argued that this394
restriction might have an adverse effect on habitual caffeine drinkers, causing withdrawal symptoms even395
from short duration of restriction (Phillips-Bute and Lane, 1997). The most common method to control for396
a confounding factor is to add the factor in the regression model (McNamee, 2005). However, we have used397
mixed models in our analysis, which are reduced so that all the factors in the final model have a significant398
effect on the metric modeled. The alertness score did not have a significant effect on the metrics, and to399
compensate for it, we decided to adjust the metrics to remove the effect of the alertness score.400
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We should note that we recorded an increase in both the mental fatigue and sleepiness measures due to401
time-on-task. Although the concepts are distinct, mental fatigue and sleepiness share a relationship with402
arousal and no objective physiological data has been found yet, which can distinguish between them (Hu403
and Lodewijks, 2020). Although the eye-typing task was self-paced and the lighting in the laboratory was404
high, it is possible that strain on the eyes due to an eye-interactive task was inferred as sleepiness by the405
participants, who are not habituated to using voluntary eye movements to type on an iPad, instead of their406
hands. Further research is required to determine physiological signals that can distinguish mental fatigue407
and sleepiness.408

There are some limitations to the study performed. The application EyeTell was a first of its kind, and at409
a nascent stage. At 19% false selections, it selected a target not followed by the user often, which can be410
attributed to the lack of calibration before use. Another limitation is that most of the participants were less411
than 40 years old, which could account for the absence of fatigue effect observed due to time of day.412

The implications of the feasibility of detecting mental fatigue using an iPad are enormous. The additional413
data collected using the wearable eye-tracker in our experiment could be implemented using the iPad,414
the latest version of which has an infra-red camera. This additional data would provide further insights415
into the eye movements. This experiment has depicted the feasibility of detecting mental fatigue using416
smooth-pursuit eye movements. The technique of smooth-pursuit could be implemented in other screens417
with cameras and mental fatigue detection could reach workers in offices, students in classrooms and418
anyone with a screen available.419

In conclusion, the current study has illustrated a novel method of detecting mental fatigue, during eye-420
typing, using smooth-pursuit eye movements. The effect of time-on-task on mental fatigue was observed421
using impairments in the smooth-pursuit performance, denoted by the increase in gaze deviation and422
decrease in angular velocity gain. These results indicate that smooth-pursuit eye movements are sensitive423
to mental fatigue, and it is feasible to measure the mental fatigue.424
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Figure 1. The EyeTell application, with five targets circulating clockwise in the inner circle and seven
targets circulating counter-clockwise in the outer circle. The outer circle has the individual letters from
T,U,V,W,X and Y, which indicates that the cluster TUVWXY (green target from the inner circle) was
selected previously.

Figure 2. A schematic of the experiment timeline. The order of trial A and trial B was balanced between
the sessions, indicating that the level of difficulty of the tasks performed in the trial was balanced between
the sessions, for each participant.
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Figure 3. (A) The experimental setup with the eye-tracking glasses and the tablet and (B) a representative
snapshot of the camera view from the eye-tracking glasses.

Figure 4. Self-reported measures recorded before and after the experiment, as a function of the time of
day – (A) Mental fatigue and (B) Sleepiness. Error bars indicate standard deviation.

Figure 5. Eye movement metrics as a function of the time-on-task – (A) marginal gaze deviation and (B)
marginal angular velocity gain. Error bars indicate standard deviation.
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ABSTRACT
In this paper, we have measured cognitive load during an interac-
tive eye-tracking task. Eye-typing was chosen as the task, because
of its familiarity, ubiquitousness and ease. Experiments with 18
participants, where they memorized and eye-typed easy and diffi-
cult sentences over four days, were used to compare the difficulty
levels of the tasks using subjective scores and eye-metrics like blink
duration, frequency and interval and pupil dilation were explored,
in addition to performance measures like typing speed, error rate
and attended but not selected rate. Typing performance lowered
with increased task difficulty, while blink frequency, duration and
interval were higher for the difficult tasks. Pupil dilation indicated
the memorization process, but did not demonstrate a difference
between easy and difficult tasks.

CCS CONCEPTS
• Human-centered computing → Accessibility systems and
tools; Heuristic evaluations; HCI theory, concepts and models;
Empirical studies in HCI ; Laboratory experiments.
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1 INTRODUCTION
Detection of cognitive load during the execution of a task is useful
in several applications like education, armed forces, driving [Lieber-
man et al. 2002; Lohani et al. 2019; Sweller 2011], etc. Cognitive load,
defined by the task difficulty, influences the performance on the
task, in addition to psychophysiological measures like pupil size and
blinks [Appel et al. 2018; Bækgaard et al. 2016; Haapalainen et al.
2010; Kahneman and Beatty 1966; Tanaka and Yamaoka 1993]. Tasks
commonly used to detect cognitive load include mental arithmetic,
n-back, visual search tasks, or application based tasks like driving,
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code comprehension, etc [Begel and Vrzakova 2018; Fridman et al.
2018; Lohani et al. 2019].

With eye-tracking becoming ubiquitous not only in wearable
technology for virtual and augmented reality but also on laptops
and mobile devices [Papoutsaki et al. 2016], it is of great interest to
detect cognitive load in tasks that involve eye-based interactions.
Since eye-typing is a task that can be implemented and can find
application in all technologies that use eye-tracking, including
virtual and augmented reality [Hansen et al. 2018; Ma et al. 2018;
Polacek et al. 2017], we have designed experiments on cognitive
load detection during eye-typing tasks.

Cognitive load detection using physiological measures during
eye-typing has not been a topic of research as yet, and is a novel
direction of research. We have examined working memory load of
remembering sentences, the difficulty of which has been manipu-
lated to control the cognitive load, and then eye-typing them from
memory, a task we have called typing-from-memory task. Applica-
tions for this can be to not only design keyboards [Sengupta et al.
2017], but also design interfaces involving key selection [Blattgerste
et al. 2018], develop adaptive interfaces [Katidioti et al. 2016], detect
cognitive load for people with neuro-muscular problems who use
eye-typing systems on a daily basis [Kane and Morris 2017] and
overall replace self-reporting.

Eye-typing is a key method for people with neurological disor-
ders to communicate. However, its uses can be extended to hands-
free typing in other situations like when using augmented reality
for some training or surgical procedures [Webel et al. 2013]. One
of the first methods for eye-typing is dwell-time selection, where
each key is focused on for a particular amount of time, called the
dwell-time, in order to select that key [Majaranta 2009]. The most
common keyboard used for eye-typing is the QWERTY keyboard,
due to its familiarity for an ever increasing digital world [Kristens-
son and Vertanen 2012; Polacek et al. 2013; Räihä and Ovaska 2012;
Salvucci 2000; Tuisku et al. 2013].

Eye-metrics using eye-tracking is promising for non- invasive
cognitive load detection. Pupil size, blink frequency and blink dura-
tion and blink interval are some of the commonly used eye-metrics
to indicate cognitive load. Task-evoked pupillary response (TEPR)
is proposed as an index for task difficulty inducing cognitive load
[Kahneman and Beatty 1966], with more difficult problems resulting
in increased pupil dilations.

Derived measures from blinks also have a relationship with cog-
nitive load. Blink frequency is expected to reduce with increasing
task difficulty, as for visual tasks like reading, blinks are inhibited at
a greater extent for difficult tasks. Blink duration, also an indicator
for cognitive load, reduces in length with increasing task difficulty
[Bækgaard et al. 2016; Kosch et al. 2018]. Blink interval increases
with increase in task difficulty [Ryu and Myung 2005].
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Figure 1: Schematic of the experimental procedure

Typing speed, error rate — corrected and uncorrected — and read
text events rate are the commonly used performance measures for
typing tasks. Read text events are the events of reading the text al-
ready typed. Higher uncertainty about the typing method results in
increased events per character typed. Additionally, attended but not
selected rate is a performance measure used in eye-typing, where
a key is focused on for a short time, but not selected [Majaranta
2011].

[Biswas et al. 2016] is one of the first papers to combine gaze
interaction with investigation of cognitive load, and have com-
pared using eye-tracking and mouse for the level of cognitive load,
via pupil dilation and blinks, during a pointing and selecting task.
[Sengupta et al. 2017] have used electroencephalography-based
cognitive load detection during eye-typing, with the goal of design-
ing the keyboard layout that induces the least cognitive load on the
users. However, this paper is the first attempt at detecting cognitive
load during an eye-typing task using eye-based measures.

The contributions of this present paper are to test an eye-typing
experimental paradigm for cognitive load detection and to explore
the usability of the existing performance measures and eye-metrics
for cognitive load detection during an interactive eye-tracking task.

2 METHODS
The goal of the study was to detect the effect of task difficulty and
cognitive load, induced usingmemorization of easy and difficult sen-
tences, on eye-based physiological variables during a complex task
of gaze-interaction, namely eye-typing. There is no standardized
experiment design for cognitive load detection using eye-typing,
and so the experiment described here had a basis in longitudinal
eye-typing experiments [Mott et al. 2017], to allow for the measure-
ment of the cognitive load, once the learning effect of the keyboard
and the task had taken place.

2.1 Experiment Design
The experiment was repeated on 4 days for every participant, and
is depicted in Figure 1. The multi-day experiment was designed
so as to allow the participants to get accustomed to the method of
eye-typing and memorization. The procedure of the experiment
was as follows: after the participants signed the consent form, they
were given written instructions on the experimental procedure.

They were instructed to type as fast as they could, while being as
accurate as possible. The participants were provided an incentive
of extra compensation for every day in which they had the highest
typing speed.

The experiment consisted of two sessions on each day - easy
and difficult, resulting in a total of eight sessions throughout the
experiment for one participant. A session was composed of five
typing-from-memory trials The order of the easy and difficult ses-
sions were counter-balanced for each participant. At the beginning
of the first day, they performed a trial session with two typing-
from-memory trials.

The complete experiment could be performed in Danish or Eng-
lish, and the language could be chosen by the participant on the
first day.

The typing-from-memory task is defined here as eye-typing
sentences after reading and memorizing them. The procedure of
each trial was composed of reading and memorizing the sentence,
followed by eye-typing the sentence and thereafter answering the
effort question from the NASA-TLX questionnaire, as shown in
Figure 2. The scalewas adapted from [Mott et al. 2017] to be between
1 and 7. The inter-trial time was set to 5 s .

The sentences were taken from the Lepzig corpus of mixed
sources of sentences [Goldhahn et al. 2012]. The difficulty level
of the sentences was determined by the Readability score, as com-
puted using the Lasbarheitsindex (LIX) score [Björnsson 1968]. The
LIX score defines the readability of the text, based on the number
of words (A), number of periods (B) and the number of long words
(C), containing more than 6 letters in the text:

LIX = A/B + (Cx100)/A (1)

For the sentences selected for the experiment, B was always taken
as 1. The sentences were divided by using an upper cutoff of 30 on
the LIX score for easy sentences and a lower cutoff of 60 for difficult
sentences. An example of an easy sentence was "I would like you
to have a look at this, but if you get stuck example 1 is provided.".
An instance of the difficult sentence was "The large-scale orchestral
introduction contains the famous chromatic ’yearning’ theme at the
beginning, which becomes the thematic essence of the whole opera.".

The keyboard layout was as shown in Figure 1. The top row
provided four word suggestions, to aid completion of the current
word.

2.2 Experiment Setup
The experiments were performed using Tobii Eye Tracker 4C (sam-
pling frequency: 90Hz). The eye-typing interface used was OptiKey,
an open-source on-screen gaze-based keyboard developed as Win-
dows Presentation Foundation (WPF) application. An experimental
version of the keyboard, which allowed us to display the text to be
eye-typed as well as log the text typed, was used for the experiment.
The experimental procedure was incorporated into the keyboard
and displayed to the participants on a computer with 1920 x 1080
resolution.

The experimental setting was a laboratory with no entry of
natural light and luminance varying between different days and
participants, to 25 − 60 lux at the computer screen. However, the
luminance was kept constant for both sessions in a day for each
participant.
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Figure 2: Schematic of the trial procedure

2.3 Participants
The experiments were conducted with 19 volunteers from Technical
University of Denmark. A participant dropped out after only one
day, and so the data from 18 participants (9M, with age in the range
of [21:31] years, M = 25.5, SD = 2.38) is presented in this paper.
Ten participants performed the experiment in English, and the rest
in Danish.

2.4 Data Analysis
The data obtained from the eye-tracker was logged using Tobii
Pro SDK. Blinks were defined as missing data from the eye-tracker
which have durations between 75 ms and 500 ms . Data 200 ms
before and after the blinks was removed, and the data was linearly
interpolated, followed by application of hampel filter with a length
of five samples before and after the current sample, and values
greater than three times the standard deviation treated as an outlier
and modified. For the results on eye-metrics, sessions that did not
match a threshold of 0.75 correlation between the right and left
pupil size were removed.

Eye-typing data was logged from the on-screen keyboard in
form of five different logging files. The raw data log files were
used to analyze and obtain various features of pupils, blinks and
performance. The independent variables between each participant
was the language chosen by the participants for the experiment,
and within each participant was session difficulty, day number and
session number on each day. The dependent variables are divided
into four categories — subjective scores, pupil size, blinks and typing
performance.

The relationships between the dependent variables and inde-
pendent variables were analyzed using linear mixed effects model
(LMM), due to the within-subject experiment design. The fixed
effects were the session difficulty and language as categorical vari-
ables, day number as a numerical variable, session number nested
under the day number, also as a numerical variable. Additionally,
four time periods during the trial were used as a reference to track
the progress of the pupil size. These time periods were obtained for
the following phases of the trials — when reading started, reading

ended, writing started and writing ended. These phases were con-
sidered to be a fixed effect for the linear models with relative pupil
size as the dependent variable. Fixed effects were considered only
when p < 0.05. Random intercepts and slopes were included for
each participant for the independent variable session difficulty un-
less the model failed to converge, and in that case, only the random
intercept for the participants were included in the models. The anal-
ysis was performed using the packages lme4[Bates et al. 2014] and
lmerTest[Kuznetsova et al. 2017] in R [R Core Team 2013]. Effect
sizes were computed using the package r2glmm [Jaeger 2017] using
the Nakagawa and Schielzeth approach [Nakagawa and Schielzeth
2013].

Subjective scores consists of the score on the effort question of
NASA-TLX, asked after every trial, which we have termed perceived
difficulty scores.

Relative pupil size was computed using subtractive baseline cor-
rection following [Mathôt et al. 2018], where baseline pupil size
was computed during the 5 s inter-trial time. The section on pupil
size in the results is based on the mean relative pupil size for a du-
ration of 300ms during the designated period — when participants
started reading the sentence, when participants finished reading
the sentence, when participants started eye-typing and when they
ended eye-typing. The duration for mean relative pupil size during
these phases was adjusted for blinks, by finding a continuous du-
ration of 300ms that did not include interpolation of blinks. This
blink-adjusted method for 300ms was also used for computation
of the baseline pupil size within the 5 s inter-trial period. Weighted
mean of the pupil size was computed for the relative pupil size,
with the weights computed from the normalization of inverse of
the rolling standard deviations of the left and right pupil size.

The blink category of results consists of blink frequency - the
number of blinks in the duration of typing, blink duration - average
of the duration of the blinks during the trial and blink interval -
average time between consecutive blinks in the trial.

Performance measures consist of typing speed, corrected and
uncorrected error rate, read text events rate and attended but not
selected rate. Typing speed is reported using normalized words per
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minute (WPM), where one word consists of five characters, includ-
ing space. Since word suggestions were activated and they might
skew the letter count, each selection of suggestion was counted as
1 letter, and the typing speed reported depends on the key selec-
tion speed. For the sake of simplicity, we continue to call it typing
speed. Uncorrected error rate was computed using the Levenshtein
distance at character and word levels, with equal weighting to each
of them. Corrected error rate was the ratio of the number of times
Backspace key was selected to the number of characters typed. Read
text events rate was computed using the ratio of the time spent
reading the already eye-typed text to the total time of the trial.
Attended but not selected rate was computed by counting the num-
ber of keys where the selection was started but not completed and
selected.

3 RESULTS
A total of 729 trials were recorded from 18 participants performing
10 trials each day for 4 days. An extra 9 trials occurred as a result
of a setting in the experimental keyboard. The results presented
for eye-metrics — blinks and pupil size, are from 709 trials, as 4
sessions had to be removed due to low correlation between the
right and left pupil size.

3.1 Subjective Scores
As manipulation check, to ensure that the cognitive load imposed
with the difficult sentences was perceived to be difficult, before
testing hypotheses on eye metrics, we compared the perceived
difficulty given after every trial to the two categories of session
difficulty — easy and difficult.

Marginal means of the perceived difficulty scores for the ses-
sion difficulty levels (easy: M = 2.95, SE = 0.179, difficult: M =
4.72, SE = 0.180)) decreased over the days (Mdif f = 0.338) per day,
SE = 0.182). As expected, we found a significant main effect of ses-
sion difficulty on the perceived difficulty scores (χ2(1) = 257.41,p <
0.001,η2 = 0.26) increasing by about 1.77 (SE = 0.10) for difficult
sessions. Crucially, we also found a significant effect of the days on
the difficulty scores (χ2(1) = 55.271,p < 0.001,η2 = 0.06) reducing

Figure 3: Subjective perceived difficulty scores for easy and
difficult sessions over the 4 days of the experiment. Error
bars indicate standard errors

over the days by about 0.34 (SE = 0.05) per day, showing a learning
effect of the memorization task (see Figure 3).

3.2 Eye typing and Dwell time
The participants could change the dwell time setting from the key-
board, which was initially set to 800ms . Additionally, there was
an activation time, set to a constant 250ms , which was the mini-
mum amount of time required to activate a key before the visual
feedback would be available, and which could not be changed by
the participants. The dwell time presented here is the total time the
participants had to dwell on a key to select it, which was the sum
of the activation time and the additional time they could set on the
keyboard. It is calculated as a weighted average of the dwell times
used during a session by each participant, with the weights of the
time duration for which the dwell time was chosen.

The average dwell time was 768.26ms (SE = 274.17), with 12
out of 18 participants reducing the dwell time from the initial
setting. Out of those, five ended up with a dwell time between
350 − 450ms . Their average typing speed and corrected error rate
were 14.659WPM (SE = 0.342) and 9.543% (SE = 2.163). There
were two participants who reduced the dwell time to below 350ms
and typed with a dwell time of 250ms , which is the same as the
activation time. The session with the highest typing speed was the
one with a weighted average of 256.59ms dwell time, resulting in
a typing speed of 17.424WPM but also a second highest corrected
error rate of 59.499%. There were two participants who increased
the dwell time, and only later found out, that they had done so by
mistake.

The dwell time range of 250 − 350 ms resulted in the highest
typing speed, see Figure 4, however, the corrected error rate for the
same was also the highest and more than 3 times that of the dwell
time range of 350− 450ms . Based on this, a dwell time in the range
of 350 − 450ms appears to give the best performance of eye-typing
in our setup.

3.3 Performance
The following performance measures are analyzed and reported
in this section — typing speed, uncorrected error rate and two

(a) Typing speed (b) Corrected error rate

Figure 4: Performancemeasures for the dwell times selected.
Error bars indicate standard errors

C.1 Cognitive Load during Eye-typing 195



Cognitive Load during Eye-typing ETRA ’20 Full Papers, June 2–5, 2020, Stuttgart, Germany

(a) Typing speed (b) Error rate

Figure 5: Performance measures for easy and difficult ses-
sions over the 4 days experiment. Error bars indicate stan-
dard errors

standard measures of eye-typing; read text events rate and attended
but not selected rate [Majaranta 2011].

Marginal means for typing speed estimated for different levels
of session difficulty were — (Easy: M = 9.921WPM, SE = 0.187,
Difficult: M = 9.207WPM, SE = 0.177). There was an increase in
typing speed each day (Mdif f = 0.633WPM per day, SE = 0.358)
and an overall increase in the typing speed during the second ses-
sion from the first, within each day (Mdif f = 0.810WPM, SE =
0.257). Moreover, when typing an easy session first, the typing
speed changed only marginally in the second, difficult session
(Mdif f = 0.099 WPM, SE = 0.375), but when typing the diffi-
cult session first, the typing speed during the second, easy session,
was higher (Mdif f = 1.539WPM, SE = 0.347), see Figure 6a. On
performing a linear mixed model analysis, there were found to
be significant effects of session difficulty (χ2(1) = 13.084,p <
0.001,η2 = 0.007), increasing by 1.107 WPM (SE = 0.294) for
easy sessions. Additionally, day number had an effect (χ2(1) =
12.764,p < 0.05,η2 = 0.003), increasing the typing speed by ap-
proximately 0.262WPM (SE = 0.093) each day. Session number
(χ2(1) = 36.102,p < 0.001,η2 = 0.013) also had a significant effect
on typing speed and increased by 0.342WPM (SE = 0.058) in the
second session within each day. Finally, there was a significant
interaction between session difficulty and session number within
each day (χ2(1) = 4.901,p < 0.05,η2 = 0.002).

Uncorrected error rates were different for the levels of session dif-
ficulty, as estimated using themarginalmeans (Easy:M = 9.283%, SE =
0.670, Difficult:M = 22.714%, SE = 1.155). For each day, there was
a reduction in the overall error rate (Mdif f = 2.305% per day, SE =
1.983), and the error rate for the difficult sessions (Mdif f = 3.632%
per day, SE = 3.205). For easy sessions, there was no pattern ob-
served over the four days, see Figure 5. LMM revealed significant
effects of session difficulty (χ2(1) = 22.447,p < 0.001,η2 = 0.049),
lowering the uncorrected error rate by about 19.7% (SE = 3.148)
for easy sessions. The day number had a significant effect on the
uncorrected error rate (χ2(1) = 19.074,p < 0.001,η2 = 0.022), low-
ering by 3.377% (SE = 0.688) each day. There was also a significant
effect of their interaction (χ2(1) = 6.498,p < 0.05,η2 = 0.006).

(a) Typing speed (b) Perceived difficulty scores

Figure 6: Difference of typing speed and perceived difficulty
scores between session 2 and session 1 for blocks A and B,
where:
block A = Session 1: easy, Session 2: difficult and
block B = Session 1: difficult, Session2: easy
Error bars indicate standard errors given by the expression

for error propagation:
√
SE2Session1 + SE

2
Session2

There was no difference obtained for the corrected error rate
for the session difficulty (Easy: M = 5.873%, SE = 0.647, Difficult:
M = 5.912%, SE = 0.564).

Read text events rate was not found to be affected by the ses-
sion difficulty level (Easy: M = 0.062, SE = 0.002, Difficult: M =
0.057, SE = 0.002).

The rate of keys attended but not selected were higher for the
difficult session, as seen by the estimated marginal mean values
(Easy: M = 0.537, SE = 0.022, Difficult: M = 0.615, SE = 0.025).
The rate reduced each day (Mdif f = 0.126 per day, SE = 0.043)
and was lower for the second session of the day than the first
(Mdif f = 0.087, SE = 0.815). There was an effect of session dif-
ficulty (χ2(1) = 4.271,p < 0.05,η2 = 0.007), where the rate of
keys attended not selected lowered for easy sessions by about
0.073 (SE = 0.033). The rate of keys attended but not selected
were affected by the day (χ2(1) = 32.2,p < 0.001,η2 = 0.023),
lowering by 0.094 (SE = 0.016) each day. Lastly, session number
also affected the rate (χ2(1) = 6.69,p < 0.01,η2 = 0.005), reducing
by about 0.022 (SE = 0.008) in the second session from the first.

3.4 Pupil Size
Pupil size for the task of reading a sentence, memorization and eye-
typing was examined. It was expected that the pupil dilates from
the time the participants start reading the sentence to when they
remember it, and then it constricts during the typing task, similar
to the working memory test with numbers [Kahneman and Beatty
1966]. Furthermore, it was also expected that the pupil dilation
during reading is higher for difficult sentences compared to easy
sentences.

Mean pupil dilation across all trials is shown in Figure 7, divided
into the phases of — reading starts, reading ends, writing starts
and writing ends. The relative pupil size was calculated from the
baseline pupil size measured during the 5s break between trials.
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The pupil size was computed in a the period of 300ms closest to
the event reported during which no blink interpolation took place.

The relative pupil size was compared for all the phases (Reading
starts: M = 0.113, SE = 0.010, Reading ends: M = 0.100, SE =
0.011, Writing starts: M = 0.074, SE = 0.012, Writing ends: M =
−0.076, SE = 0.011) and session difficulty (Easy: M = 0.046, SE =
0.016, Difficult:M = 0.062, SE = 0.019). LMM revealed a significant
effect of the phase (χ2(3) = 47.899,p < 0.001, η2r eadinдends =
0.002,η2writinдstar ts = 0.001,η2writinдends = 0.006) on the rel-
ative pupil size and there was interaction between the phases
and the days (χ2(3) = 121.6,p < 0.001,η2r eadinдstar ts = 0.001,
η2r eadinдends = 0.001,η2writinдstar ts = 0.001,η2writinдends =

0.001), however, the effect of the session difficulty was not sig-
nificant (χ2(1) = 2.028,p = 0.154).

3.5 Blinks
The following blink properties were compared to the independent
variables — blink frequency, blink duration, inter-blink duration.

Blink frequency was affected by the session difficulty level. The
marginal means are estimated — (Easy: M = 5.668, SE = 0.286,
Difficult: M = 6.778, SE = 0.328), and the effect of the session
difficulty was significant (χ2(1) = 4.088,p < 0.05,η2 = 0.013) using
LMM, lowering the blink frequency by about 1.11/min (SE = 0.435)
for easy sessions.

Blink duration was higher for difficult sessions than easy ses-
sions, as estimated by the marginal means (Easy:M = 0.117 s, SE =
0.003, Difficult:M = 0.133 s, SE = 0.002). On analyzing using LMM,
there was a significant effect of session difficulty (χ2(1) = 7.228,p <
0.01,η2 = 0.027), reducing the blink duration by 0.02 s (SE =
0.01)for easy sessions.

Blink intervals were higher for the difficult sessions, depicted
using the estimated marginal means (Easy:M = 7.280 s, SE = 0.463,
Difficult: M = 11.240 s, SE = 0.539). LMM showed that there
was a significant effect of session difficulty (χ2(1) = 10.901,p <
0.001,η2 = 0.04) on the blink interval, lowering them by 3.838 s (SE =
0.998)for easy sessions.

(a) Relative pupil size over the phases of
a trial

(b) Relative pupil size over days

Figure 7: Relative pupil size for different phases and days.
Error bars indicate standard errors

4 DISCUSSION
We have created an experimental design for cognitive load induce-
ment and detection during an interactive eye tracking task. The eye
tracking task selected was an eye-typing task in combination with
a working memory task for extrinsic cognitive load. Eye and blink
measures were analyzed for easy and difficult tasks, in addition to
performance measures and subjective cognitive load ratings. Per-
formance measures and subjective ratings detect a clear difference
between easy and difficult tasks, indicating that the task design has
an effect on the cognitive load.

The dwell time adjustment by the participants resulted in five
out of eighteen participants coming down to a dwell time between
350 ms and 450 ms by day four. The average typing speed and
corrected error rate for these, 14.659 WPM (SE = 0.342) and
9.543% (SE = 2.163), is comparable to the standard dwell-time eye-
typing method in [Pi and Shi 2017]. The dwell-time of 256.59ms
resulted in a typing speed of 17.424WPM , comparable to the typing
speed obtained by probabilistic adjustment of dwell-time of 300ms
– 18.4WPM in [Pi and Shi 2017].

According to cognitive load theory, two types of cognitive load
were involved in this experiment - intrinsic and extrinsic. Intrinsic
cognitive load, causedmajorly by learning themethod of eye-typing,
clearly reduced over the days, as seen by the improvement in the
typing speed for both easy and difficult sessions (see Figure 5a). The
reduction in pupil dilation over the days, depicted in Figure 7, could
also be an indication of this. Extrinsic cognitive load was caused
by the task of memorization sentences of easy and difficult nature.
A slight learning effect of the memorization task is also noticed by
the reduction in the uncorrected error rate for the difficult sessions
over the days. Reduction in the perceived difficulty scores over the
days can be attributed to the overall improvement in performance.

The typing speed, session difficulty and the order of the sessions
show an interesting pattern, as seen in Figure 6. Every time that
the easy session was the first session of the day, the typing speed
of the difficult session that followed did not increase significantly,
although the perceived difficulty increased. However, when the dif-
ficult session was the first one in the day, the typing speed increased
significantly during the second, easy, session, despite a reduction
in the perceived difficulty. This could have an impact in the class-
rooms, where a teaching strategy could be formed, depending on
the learning goals. If the goal would be to understand a difficult
topic, teaching easy materials before difficult materials could result
in slight increase in effort applied, but with the same performance
on the difficult material as the easy one. However, if the learning
goal would be to improve performance on a known or an easy task,
completing a difficult task before performing the easy one could
increase the performance on the easy task. Further research would
be needed to elaborate on these results.

Pupil dilation was affected by the task of memorization, with a
higher pupil dilation when the participants had finished memoriza-
tion of the sentence, and pupil constriction as an effect of finishing
typing of the sentence. This confirms the pupillary response dur-
ing the word memory task tested by [Kahneman and Beatty 1966],
where the pupil size increased as a function of listening to the digits
to be remembered in a digit recall memory task, and the pupil size
decreased as the digits were reported.
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Observing a difference in pupil dilation as a result of the task
difficulty (which was sentence complexity in our case) was one of
the goals of the experiment, with the expectation of a higher pupil
dilation for the difficult sessions compared to the easy sessions.
[Kahneman and Beatty 1966] also showed a difference between
the peak pupillary dilation, when the participants were asked to
remember four or five or six or seven digits, especially during the
pause between presentation of digits and reporting. However, pupil
dilation, in our experiment, did not indicate a difference between
easy and difficult sessions. One explanation could be that the task
of reading was self-paced, which allowed for enough time to also
remember the difficult sentences after spending enough time on it.
Another reason could be that the easy level was also quite difficult,
and so the two levels of difficulty were not enough to model the
pupil dilation. For an English sentence with LIX score ∼78, the rela-
tive pupil size at the beginning of typing was 0.218mm (SE = 0.058)
and for an English sentence with LIX score ∼3, the relative pupil
size as the typing start was 0.412mm (SE = 0.091), as obtained from
four participants each. The lower pupil dilation for a more difficult
sentence could indicate that the participants already thought they
would not remember the sentence, and probably gave up before
starting to type. Multiple levels of difficulty in between the two
levels would help place the effort, pupil dilation and the perfor-
mance better on the existing models like that of [Huang et al. 2006].
Modifying the experiment design in these two aspects could aid in
indicating an effect on pupil dilation.

Although pupil dilation did not successfully indicate any differ-
ence between the easy and difficult sessions, blink interval was an
indicator of difficulty levels in the way expected. However, blink
frequency and blink duration did not follow the known convention
of blink suppression with increase in difficulty. This could be due
to the interaction method involving the use of eyes in the task.

After every session, the participants were given a chance to
comment on the experiment and the eye-typing system. One of the
comments, made by several participants and deemed useful for the
improvement of eye-tracking communication systems, is "to have
different dwell time for the letters and the word suggestions, since
a low dwell time of 250ms would work for the keyboard letters but
not for word suggestions, which require a bit more processing before
selection".

The experiment and its results described in the paper will have
serious implications when conducting research in the field of eye-
tracking, combined with eye-interaction and cognitive psychology.
Variables like blink frequency and blink duration are higher for
more difficult tasks, due to the involvement of eyes in the task.
Pupil dilation, although a strong indicator of cognitive load, might
be not be a valid measure of cognitive load when the task takes
longer and the tonic pupil dilation is being measured. Considering
a task involving typing, the strongest indicator of cognitive load
might still be performance measures like typing speed, error rate
and the eye-typing specific measure of attended but not selected
rate.

In summary, the results of this experiments indicate that eye
data, in combination with performance measures, has immense
potential for ubiquitous analysis to estimate users’ cognitive load,
in a range of possible applications. While data based purely on
eye-metrics or performance alone is interesting [Appel et al. 2018],

the combination of both, as described in this paper, would provide
accurate as well as real-life applicable insights. Measurement of cog-
nitive load for people using an eye-typing keyboard on a daily basis,
to further investigate cognitive states like fatigue and attention,
could help in better understanding their mental needs, for instance
— adaptive keyboard layouts [Sengupta et al. 2017], assistance in
word or phrase selection or requirements of breaks during cognitive
overload to prevent frustration or fatigue. Cognitive load detection
is a highly relevant aspect of other hands-free typing applications
like augmented reality based training for skill development [Webel
et al. 2013], to promote adaptive learning of the task. Extension
of eye-typing to eye-tracking based key selection in virtual and
augmented reality could find application in designing navigation
interfaces and a deeper understanding of the user preferences for
the same. Learning systems could vastly benefit from further re-
search in similar areas as this paper, during implementation of
online learning tools, by expanding on eye-based results during
eye-typing to reading and understanding of the reading materials.

5 CONCLUSION
We have presented an experiment design and results on detection
of cognitive load during an interactive eye-typing task, where the
cognitive load was manipulated using a working memory task of
memorizing sentences of varying complexity. The task difficulty
was validated using subjective scores on perceived difficulty, which
were significantly higher for the difficult trials. We have found
significant differences between easy and difficult trials using perfor-
mance measures and blink measures. Relative pupil size has shown
correlation with the expected cognitive load of working memory,
but the difference between easy and difficult trials was not found
to be significant.
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Gaze tracking technology, with the increasingly robust and lightweight equipment, can have tremendous applications. To use the
technology during short interactions, such as in public displays or hospitals to communicate non-verbally after a surgery, the application
needs to be intuitive without requiring a calibration. Gaze gestures such as smooth-pursuit eye movements can be detected without
calibration. We report the working performance of a calibration-free eye-typing application using only the front-facing camera of a
tablet. In a user study with 29 participants, we obtained an average typing speed of 1.27 WPM after four trials and a maximum typing
speed of 1.95 WPM.
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1 INTRODUCTION

Eye-tracking technology has found uses in marketing, medicine, gaming and usability. Tracking of eye-movements also
allows people with severe disability to communicate, via on-screen keyboards and eye-trackers [3]. Eye movements have
been harnessed for applications in eye-typing [9, 16], adaptive speed control of videos [2], password authentication [5],
expertise development [4], and other tasks that allow for hands-free uses of interfaces. This is advantageous in everyday
situations, where an ongoing task requires interactions with hands, such as surgery [2] or hands-free applications
provide a hygienic option of interaction in the public spaces [8]. Hygienic considerations for public displays have
become crucial since the outbreak of the COVID-19 pandemic. Use of eye interactive interfaces in these situations could
be improved if they could be accessed without requiring calibration of the eye-tracker. We report the working and
performance of EyeTell, a calibration-free eye-typing application, designed for an iPad, based on smooth-pursuit eye
movements.

Text entry applications with gaze tracking can be divided into two major categories – using dwell-time selection and
using gaze gestures. Dwell-time selection consists of fixating on a key for a certain amount of time, named dwell-time.
This technique can have several disadvantages as the time required to select each character can be about 700 ms [7] and
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the application requires a high accuracy to correctly identify the key fixated on, from at least 26 keys on an English
keyboard [17]. Selection using gaze gestures includes applications that require generating gestures using the eyes
that resemble the letter in a keyboard called EyeWrite [18], steering of the gaze towards the intended letter from
a line of letters in a keyboard known as Dasher [16], or generating eye-movements, known as the smooth-pursuit
eye-movements, that are similar to the moving target letter, in a keyboard called SMOOVS [10]. EyeTell uses the concept
of smooth-pursuit eye movements in an eye-typing application.

Smooth-pursuit eye movements have been used for text entry with various applications – answering multiple-choice
questions on public displays by following the trajectory of the moving textual answers [8], entering the pin-code on an
on-screen pin-pad with each number having a unique trajectory [5]. [10] have developed an application that allows
entry of individual letters from the alphabet, by dividing a letter entry into two phases of interaction – selection of a
cluster of letters, which contains the intended letter and the selection of which allows access to the individual letters,
followed by the selection of the intended letter. In order to reduce the time required for calibration, they have used a
one-point calibration for the keyboard.

The most common method of evaluation of a text entry application is typing speed, provided as the number of words
typed per minute (WPM). Some of the highest typing speed has been obtained using dwell-time selection keyboards –
19.89 WPM using adjustable dwell-time after ten 15-minute typing sessions [11]. Among the gesture-based keyboards,
the highest typing speed of 34 WPM was obtained for Dasher by an expert user [16]. Keyboards using smooth-pursuit
eye movements have had a much lower typing speed, with 3.34 WPM by SMOOVS [10], which was improved to 4.5
WPM using a language model [20].

Calibration-free text entry is one of the potential outcomes of using smooth-pursuit eye movements. The smooth-
pursuit keyboard SMOOVS uses a one-point calibration to get sufficient accuracy, and is thus almost calibration free.
Other works have used a third-person calibration, where the eye-tracking system is calibrated by one user, and can
be used directly by other users, “calibration free” [1, 5, 6]. The EyeTell application examined in this paper, is the first
smooth-pursuit based eye-typing application developed using only an iPad and the existing front-facing camera and it
does not require any kind of calibration before use. The novel concept used here is the use of open-source services
offered by Apple to implement smooth-pursuit based text entry. We envision the application finding use in public spaces
for hands-free short text input, specially in the times of COVID-19, and for people with disabilities using the iPad,
attached to a mobility device, during traveling or whenever in need of giving an instant short message, for instance at
the bathroom or laying in bed. A text-entry application on a small screen could also find other uses, such as in public
displays for pin entry, which would preferably be smaller than stationary computer screens, to provide privacy to the
user.

We will examine the performance, including the strengths and limitations, of an eye-tracking system developed
using only a front camera of an iPad.

2 EYETELL

In this section, we describe the calibration-free smooth-pursuit eye movements based application – EyeTell, developed
in a start-up known as Obital1. It is designed for eye-typing on a mobile device such as a tablet. The application requires
no calibration, and works by estimating the optical axis provided by the ARKit from Apple in a normalized world
space2. After coordinate transformations to offset the device and the head position, the gaze point relative to the camera

1Now acquired by GN Group – https://www.linkedin.com/company/obital
2https://developer.apple.com/augmented-reality/arkit/
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Fig. 1. Selection of a letter using the EyeTell application. Events from the highlighted sections are described further. (1) The pink
border around the target TUVWXY (green-colored target) and the orange border around the target ZÆØÅ (blue-colored target) in
the inner circle indicate that these have the highest probability of being selected. (2) The target TUVWXY is ultimately selected,
which results in the outer circle generating a target for each of the individual letters, and a target to delete one character. (3) Letter V
from the outer circle is in the process of being selected, denoted by the purple border around the target. (4) When the letter V is
selected, it appears in the space above the keyboard. At this point, the outer circle consists of three most-likely letters to follow the
letter selected, and targets to select a space, read the typed text aloud and delete a character.

position is derived from estimates of the position and orientation information of each eye. The normalized distance
between the trajectory of the gaze point and the path of every target shown on the screen is computed and subtracted
from 1, generating an estimate of the confidence of the gaze following the respective target. A target which has a
confidence value greater than 0.9 for at least 2 s is selected.

The application consists of two concentric circles of targets moving with an optimized angular speed of 48◦/s, which
was empirically determined. The inner circles contains five equiangular targets moving in a counter-clockwise circular
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motion. Each target in the inner circle represents a multi-letter cluster – ABCDEF, GHIJKL, MNOPRS, TUVWXY and
ZÆØÅ. The targets in the outer circle perform a clockwise circular motion. The number of targets present in the outer
circle depends on the previous selection:

(1) The outer circle has five targets: When the previous selection was the multi-letter target ZÆØÅ from the inner
circle, it results in five targets in the outer circle – the four single-letters from ZÆØÅ and a target for character
deletion.

(2) The outer circle consists of seven targets: When the previous selection was any other multi-letter target from the
inner circle, it generates seven targets in the outer circle – the six single-letters from the multi-letter target and a
target for character deletion, as observed in Figure 1(2).

(3) The outer circle has six targets: When the previous selection was a target from the outer circle, it results in
the following six targets in the outer circle – three single-letter targets, a target to generate space, a target
allowing the typed text to be spoken aloud and a character deletion target, as observed in Figure 1(4). The
three single-letter targets were the most likely letters to be selected after the current selection. They could be
replaced by words, generated by the word prediction model, however, for the experiment, word prediction was
deactivated.

Visual feedback in form of a border around the target with the highest correlation is used to convey to the user, the
target most likely to be selected. The border of the target in the inner circle has a different and contrasting color than
the target itself, as observed in Figure 1(1). The border is purple-colored for the targets in the outer circle, as seen in
Figure 1(3). On selection of a target, audio feedback in form of a click sound is provided to the user.

To enable use as a communication medium for people with disabilities, a read-aloud key uses the text-to-speech
service to read the typed text aloud. Selection of this key also stores a log file, on the tablet, with the typing events of
selections using the application.

3 METHODS

3.1 Participants

Thirty-six danish-speaking participants volunteered for the experiment (18 males; 18 females, age range: 18 – 47 years).
The participants, composed of university students and employees, reported of no history of photosensitive epileptic
seizures, but one participant reported having dyslexia. Due to data loss (five participants), not having completing the
experiment (one participant) or dyslexia (one participant), data from 29 participants (15 males; 14 females) is reported.

3.2 Experiment Design

Each participant performed two experimental sessions. A session consisted of two trials, with the goal of observing
short interactions with the application. The first session had an additional practice trial before the two trials. Each trial
involved memorizing four words and typing them using EyeTell. The trial was classified as easy or difficult, depending
on whether the words were easy (more common words) or difficult (less frequently used words). The four words in the
easy and difficult trials consisted of a total of 38 characters. Each session was composed of an easy trial and a difficult
trial, and each participant performed two sessions. The order of the easy and difficult trials was balanced over the two
sessions for each participant. Two trials were used to minimize the interaction time with the application, and estimate
the ease of use in various situations (easy, difficult).
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At the end of each session, the participants answered questions from the NASA-Task Load Index (NASA-TLX), on a
scale of 1 to 7.

The gaze and typing data was logged at a frequency of 30 Hz by the application, and saved locally on the iPad, when
the read-aloud key was selected. The log file contained the estimated gaze points, the path followed by every target and
the event of key selection. Due to the General Data Protection Regulations on data collected by a company, the data on
key selected was restricted to the type of target selected – cluster of letters or a letter, space key or the delete key.

To record additional gaze data during the experiment, wearable eye-tracking glasses (Tobii Pro Glasses 2; sampling
frequency: 100 Hz) were used to obtain the gaze points, in addition to the gaze points estimated by the application. The
gaze data was accessed using a licensed version of the Tobii Pro Lab software, which also allowed video mapping of
the camera video on a representative camera snapshot. It included gaze points mapped on the scene camera snapshot,
given in pixels. The participants remained in approximately the same position for the trial, and a mapping step was
used to compensate for the slight head movement.

The data from EyeTell was upsampled to 100 Hz using linear interpolation. To examine the performance of the
application, the gaze points data obtained from the Tobii eye-tracking glasses were compared to the EyeTell target path
data, logged by the application. The target path was obtained in arbitrary units (53 arbitrary units equaled 1 cm). The
two data sets, recorded in different coordinate system, were made comparable by scaling into centimeters using size
measurements from the iPad, computed using a physical scale.

3.3 Data Analysis

To examine the performance of the EyeTell application, we have computed a series of performance metrics – typing
speed, error rate, search time, selection time, trial duration and the information transfer rate.

Selection of the targets was designed so as to require 2 s of gaze points correlating with the target path, but we
decided to compute the actual selection time recorded, to evaluate the application. This was the time that the gaze points,
obtained using the head-mounted eye-tracker, followed the target path, before the selection occurred.

The layout of EyeTell is one of the first with two concentric circles with targets moving in opposite directions. While
this could serve an advantage with increased number of possible selections, it could also confuse the user. To evaluate
the application, the search time was computed, which was the time required by the participant to find the next intended
target. Trial duration was computed as the time required for a trial, in minutes.

Typing speed was calculated as the number of words typed per minute, where one word is defined as five characters,
including space. This metric has the units words per minute (WPM).

We classify errors into the errors made by the system, defined as false detection errors and the errors corrected by the
user, defined as corrected error rate. The false detection errors count the number of times the application selected a
target not intended by the participants, by detecting a mismatch between the selected target path and the gaze points.
The false detection error rate was defined as the ratio of the number of unintended selections to the total number of
selections. The corrected error rate is computed as the number of backspace selections, compared to the total number
of selections. Note that this metric could include corrections made by the participants in response to a false detection
by the application, when the false detection resulted in a character selection. However, if a false detection occurred for
a target in the inner circle, which consisted of the cluster of letters, it would not require deletion, and the error could be
corrected by simply selecting the correct cluster of letters.

We also computed the information transfer rate (𝐼𝑇𝑅) [13, 14, 19] in bits/minute as an approximate evaluation metric
of the information conveyed through the system. The 𝐼𝑇𝑅 can, for our purposes and with known limitations [15],

5

C.2 EyeTell: Tablet-based Calibration-free Eye-typing using Smooth-pursuit movements 205



ETRA ’21 Short Papers, May 25–27, 2021, Virtual Event, Germany Tanya Bafna, Per Bækgaard, and John Paulin Hansen

Fig. 2. The time required to find the target, or search time (blue) and select the target, or selection time (pink). The error bars depict
the standard error.

naively be defined as:

𝐵 = 𝑙𝑜𝑔2𝑁 + 𝑃 × 𝑙𝑜𝑔2𝑃 + (1 − 𝑃) × 𝑙𝑜𝑔2

(
1 − 𝑃

𝑁 − 1

)
𝐼𝑇𝑅 = 𝐵 ×

(
𝑆𝑡𝑜𝑡𝑎𝑙

𝑇

)
where 𝑆𝑡𝑜𝑡𝑎𝑙 is the total number of selections in the trial, 𝑇 is the total trial time in minutes, 𝐵 is the information
transferred per selection in bits, 𝑁 is the number of possible targets per selection (here 𝑁 = 30, comprised of 28 letters,
a space key and a delete key), and 𝑃 is the selection accuracy. We define an upper bound on 𝑃 as:

𝑃 ≤ 𝑆𝑡𝑜𝑡𝑎𝑙 − 𝑆𝑑𝑒𝑙𝑒𝑡𝑒 − 𝑆𝑐𝑒𝑟𝑟𝑜𝑟𝑠

𝑆𝑡𝑜𝑡𝑎𝑙

𝑆𝑐𝑒𝑟𝑟𝑜𝑟𝑠 =
∑

𝑤𝑜𝑟𝑑𝑠

��𝐶𝑡𝑎𝑟𝑔𝑒𝑡 −𝐶𝑡𝑦𝑝𝑒𝑑
��

where 𝑆𝑡𝑜𝑡𝑎𝑙 again is the total number of selections, including deletions, 𝑆𝑑𝑒𝑙𝑒𝑡𝑒 is the number of deletions3, and 𝑆𝑐𝑒𝑟𝑟𝑜𝑟𝑠
is an estimate of the remaining uncorrected errors in what was typed by the participant, calculated by summing the
absolute difference between the number of resulting, 𝐶𝑡𝑦𝑝𝑒𝑑 , and corresponding target, 𝐶𝑡𝑎𝑟𝑔𝑒𝑡 , characters in each
word4.

Finally, the subjective assessment on the ease of use of the application was provided by the participants using the
NASA-TLX questionnaire.

4 RESULTS

We report on the performance of the application and the participants during their short interaction times of two trials,
repeated twice for each participant, in terms of the mean and standard error (SE).

3Whenever the user selects the delete target, we assume an error has been made. Either the previous character ’X’ was wrong, and is being replaced by a
new character ’Y’ as in <’X’, DEL, ’Y’>, or alternatively the user selects the delete target incorrrectly, as in <’X’, DEL, ’X>. In both cases, two correct
selections have been made and one incorrect.
4We cannot account for swapped or incorrectly typed characters since the interface does not log the typed character; 𝑃 therefore becomes an upper
bound on the selection accuracy, and similarly will 𝐼𝑇𝑅 become an upper bound on the information transfer rate.
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(a) Typing speed (b) Error rate

Fig. 3. Plots of (a) typing speed and (b) the error rate, with the false detection error by the application (purple) and the errors corrected
by the participants (green). The error bars depict the standard error.

The total time needed to select a target is depicted in Figure 2. The mean search time, or the time required to find
the intended target, for all the participants was 5.22 s (SE=0.08), with the minimum time required to find the target
being 3.78 s for a participant. The mean selection time, was 3.45 s (SE=0.07), and the minimum average selection time
computed for a participant was 1.99 s, which was also the minimum time required by the application to allow a selection.
The average trial duration was 7.53 minutes (SE=0.32).

The average typing speed obtained by the application was 1.27 WPM (SE=0.03), which reached a maximum of 1.95
WPM for one participant. The typing speed over the trials of the two sessions is depicted in Figure 3a.

The error rate was classified into the false detection errors, caused by the application recognizing a selection other
than the intended selection by the participant, and the corrected errors, which were corrected by the participants.
The mean false detection error rate was 23.2% (SE=1.3), computed over the trials and sessions for all the participants.
The minimum false detection error rate obtained for a participant was 5.0%, indicating that the false detection errors,
although made by the application, could depend on the participant. Approximately 75% of the false detection error
occurred in the outer circle, while the rest occurred in the inner circle. The corrected error rate had a mean of 14.1%
(SE=0.9) for the participants, calculated for both the trials and sessions. The corrected errors, as seen in Figure 3b, were
less than the false detection errors. This is because the false detection errors generated on targets from the inner circle
of EyeTell did not require a delete key selection to be corrected, but could be corrected by selecting the correct target of
cluster of letters.

The average calculated ITR of the keyboard was 33.6 bits/min (SE=1.4), and a maximum of 58.1 bits/min was achieved
for one participant; these are upper bounds on the true ITR. Since the location of the targets was not stationary, the
time used to complete a target selection included the selection time as well as the search time.

The subjective evaluation of the ease of using the keyboard was done using the NASA-TLX scores at the end of each
session, which is depicted in Figure 4. The average NASA-TLX score, from a total score of 42, was 17.8 (SE=0.6) at the
end of session 1, which reduced to 15.2 (SE=0.6) after session 2.
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5 DISCUSSION

This paper shows the working of an application – EyeTell, using smooth-pursuit eye movements for eye-typing on a
tablet with only the front-facing camera, in a controlled environment. The application achieves reasonable accuracy
without requiring the process of calibration or the eye-tracker equipment.

The average typing speed achieved using EyeTell (1.28 WPM) was lower than that using other smooth-pursuit based
eye-typing applications (3.34 WPM using SMOOVS [10]). It is highly likely that a longitudinal experiment, with multiple
sessions over days [11, 12] and the possibility of increased practice would lead to an improved typing speed as well as
reduced error rate, the signs of which are observed in the Figure 3. However, the experiment was designed to test short
interactions with the application and the ease of use.

The false detection error rate of the application was ∼ 20% in the first trial of the first session, which revealed
the average accuracy of the application to be 80%, which further improved with increased practice (see Figure 3b).
This is comparable to the total errors made by the application TextPursuits in selecting targets of short text [8]. The
improvement in the application accuracy, however, could indicate that selecting and following one target among
multiple moving targets might be slightly different from the natural smooth-pursuit eye movements of following a bird
in the sky.

The ITR of 33 bits/min achieved by the application was higher than the reported maximum ITR obtained by brain-
computer interfaces of 25 bits/min by Wolpaw et al. [19]. For people with disabilities, with even slight control of eye
movements, this application could provide easy and intuitive technique of communication.

The layout used by EyeTell, with targets moving along two concentric circles, is novel, even for applications using
smooth-pursuit eye movements. The increased number of targets on the screen (10-12 compared to six in SMOOVS
[10]) may generate slight complexity in the application. However, the search time did not improve over the trials (see
Figure 2), and the difference in the NASA-TLX scores between the two sessions was marginal (see Figure 4), which
might suggest that the increased number of possible targets do not have an effect on the application performance or
the ease of use. However, it is a limitation of our study that a direct comparison of user acceptance and task load was
not performed. Moreover, the speed of the targets was constant at 48◦/𝑠 in the experiments, and only one participant

Fig. 4. The NASA-TLX sub-scores (MD: mental demand, PD: physical demand, TD: temporal demand, P: performance, E: effort and F:
frustration) provided by the participants, for session 1 (orange) and session 2 (blue). The error bars depict the standard error.
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complained about it being fast. We note here that the participant who found the targets moving too fast was slightly
older than most of the participants and belonged to the age group between 38–47 years.

An overall investigation includes the strengths and limitations of the gaze tracking system. A strength of the system
is that gaze tracking on an 11-inch iPad, using its own camera, for text entry was found to be feasible. The application
was developed on an affordable consumer device, using open-source technical services offered by the device (ARKit).
Moreover, the small size of the application could serve towards privacy concerns in public use of such devices, such as
typing a private pincode. On the other hand, the small size of the iPad could also be a weakness for the application as
it stands, and the reason for the low robustness and the high false selections by the application (∼ 20%). Finally, the
method of detecting the target using normalized error in the distance between the target and gaze points might restrict
the maximum number of targets available for selection. Further improvement of the application with customization
towards the special use, such as improved accuracy for assistive devices or higher number of available targets for a
keyboard, may be required.

In spite of the low typing speed, there may be a number of cases where smooth-pursuit typing with standard devices
may serve as a supplementary assistive device. It affords adhoc short messaging that may be a back-up solution when
special gaze tracking systems fails. Also, some users may feel it to be less socially stigmatizing using a device such as
an iPad for communication than special equipment. The experiment presented in this paper uses eye-typing, but in
real life, an application with three options of ‘yes’, ‘no’ and ‘ask again’ could be applied in hospitals for non-verbal
communication after surgery, or a more playful application could be designed using similar technology to train children
with disability to control their eye movements for communication. Moreover, hands-free interaction could be useful
in other scenarios in the public (e.g.: rating the shopping experience with shopping bags in the hand) or private (e.g.:
attend to notifications while cooking).
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ABSTRACT 
A novel eye-tracked measure of pupil diameter oscillation is 
derived as an indicator of cognitive load. The new metric, 
termed the Low/High Index of Pupillary Activity (LHIPA), is 
able to discriminate cognitive load (vis-à-vis task difficulty) in 
several experiments where the Index of Pupillary Activity fails 
to do so. Rationale for the LHIPA is tied to the functioning 
of the human autonomic nervous system yielding a hybrid 
measure based on the ratio of Low/High frequencies of pupil 
oscillation. The paper’s contribution is twofold. First, full doc-
umentation is provided for the calculation of the LHIPA. As 
with the IPA, it is possible for researchers to apply this metric 
to their own experiments where a measure of cognitive load 
is of interest. Second, robustness of the LHIPA is shown in 
analysis of three experiments, a restrictive fixed-gaze number 
counting task, a less restrictive fixed-gaze n-back task, and an 
applied eye-typing task. 
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INTRODUCTION & BACKGROUND 
Recent interest in the measurement of cognitive load has 
emerged from a variety of applied human factors settings, 
e.g., the automobile, flightdeck, operating room, and the class-
room, to name a few [47, 5, 26, 22, 48, 29, 43, 59]. As noted 
by Fridman et al. [19], the breadth and depth of the published 
work highlights the difficulty of identifying useful measures of 
cognitive load that do not interfere with or influence behavior. 
Moreover, if the measure is based on pupil diameter, as a good 
deal of these metrics are, then it is also important to show 
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that the metric is not susceptible to effects of luminance or 
off-axis distortion of the apparent pupil (e.g., as captured by 
the typically stationary camera) [15]. 

As introduced by Sweller [57, 58], cognitive load is a theoreti-
cal construct describing the internal processing of tasks that 
cannot be observed directly [41]. One of the most popular 
measures to assume indication of cognitive load is pupil diam-
eter, originating with Hess and Polt [25] and later bolstered by 
Peavler [49], who showed correlation between pupil dilation 
and problem difficulty. It is generally considered that pupil 
diameter provides a “very effective index of the momentary 
load on a subject as they perform a mental task” [34]. 

Early studies of task-evoked pupillary response to cognitive 
load used specialized pupillometers to measure pupil diameter 
[1, 8, 7]. Because of their improved accuracy and reduced 
cost, eye trackers have become popular for the estimation 
of cognitive load via measurement of pupil diameter, which 
most eye trackers report as a matter of course [54, 11, 53]. 
The general approach to cognitive load estimation with eye-
tracked pupil diameter relies on measurement relative to a 
baseline. Numerous examples of eye-tracked baseline-related 
pupil diameter measurements exist, focusing either on inter-
[27, 38, 41, 36], or intra-trial baseline differences [54, 39, 30]. 

Besides pupil diameter, some eye-tracking users infer cogni-
tive load from blink rate [12], while others consider blinks 
something of an eye-tracking by-product. When blinks oc-
cur, the eye tracker loses sight of the pupil, and often outputs 
some undefined value for gaze position. Other approaches 
to cognitive load measurement evaluate positional eye move-
ments, including number of fixations [28], fixation durations 
[18, 32], and number of regressions [4], although these met-
rics could be considered indirect indicators of cognitive load. 
More recent approaches to cognitive load measurement use 
microsaccades (the component of miniature eye movements, 
along with tremor and drift, made during visual fixation [17]). 
For a review of the observed relationship between microsac-
cades and task difficulty, see Duchowski et al. [16]. For a 
detailed review of Cognitive Load Theory (CLT) and related 
measures, see Kelleher and Hnin [35], Duchowski et al. [15], 
and Cowley et al. [14]. 
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We introduce the Low/High Index of Pupillary Activity, or 
LHIPA. The LHIPA is a wavelet-based algorithm inspired 
by Marshall’s [45, 46] Index of Cognitive Activity (ICA), 
and Duchowski et al.’s [15] implementation of their IPA, in-
troduced at CHI ’18. Because the ICA and IPA are based 
on pupil diameter oscillation, they both reflect moment-to-
moment pupil diameter changes and are thought to be in-
sensitive to effects of luminance. Duchowski et al. reported 
sensitivity of the IPA under restricted conditions, namely dur-
ing a fixed-gaze task based on mental arithmetic. Cognitive 
load, however, is associated with working memory capacity 
[57], and so the n-back task is often considered more appro-
priate for its manifestation. We show that the IPA fails to 
distinguish cognitive load during execution of an n-back (1-
and 2-back) task with gaze fixed at specific screen coordinates 
(to test the effect of off-axis pupil distortion). The LHIPA 
yields significant results in the n-back task as well as in a less 
restrictive eye-typing task where the eyes move freely to effect 
key entry. Courtesy of Duchowski, we show that the LHIPA 
is also sensitive to task difficulty given their original number 
counting task. 

Computation of the LHIPA is similar to the IPA except for 
one crucial difference: instead of counting the remnants of 
the thresholded modulus maxima of any particular wavelet 
frequency band (Duchowski et al. use the second), we count 
the thresholded modulus maxima of the ratio of low and high 
frequency bands contained within the wavelet decomposition 
of the pupil diameter signal, i.e., threshold of the low frequen-
cy/high frequency (LF/HF) ratio of pupil oscillation. 

The low frequency/high frequency (LF/HF) ratio reflects 
changes in the parasympathetic and sympathetic components 
of the autonomic nervous system. Parasympathetic excita-
tion and/or sympathetic inhibition result in pupil constriction, 
while sympathetic excitation and/or parasympathetic inhibi-
tion result in pupillary dilation [8, 56]. Peysakhovich [51] 
successfully used the LF/HF ratio of the pupillary power spec-
trum to measure cognitive load under varying light conditions. 

Peysakhovich et al. [52] also suggest that the LF/HF ra-
tio reflects the relationship between the Locus Coeruleus-
Norepinephrine (LC-NE) system (functioning in two firing 
modes, tonic and phasic) and the pupil diameter. According 
to Adaptive Gain Theory (AGT) [3], and on the basis of the 
neuromodulatory effects of NE release on cortical processing, 
LC phasic firing typically occurs in response to task-relevant 
events during epochs of high performance and lower base-
line LC activity (exploitation). In contrast, LC tonic firing is 
associated with elevated baseline firing rate, absence of pha-
sic responses, and degraded task performance (exploration) 
[20]. Peysakhovich [51] suggested that tonic pupil diameter 
and phasic pupil response correspond to Beatty’s [7] baseline 
diameter and the Task-Evoked Pupillary Response (TEPR), 
respectively. Measurement of the LF/HF ratio thus yields a 
baseline-related measure, similar to traditional baseline-related 
pupillometric measures of cognitive load (for a review of the 
latter, see Krejtz et al. [40]). 

Paper Overview and Contributions 
The novelty of our contributed LHIPA computation comes 
from the spectral analysis that is afforded by the (discrete) 
wavelet transform. That is, the LHIPA relies on the LF/HF 
ratio computed from the low and high frequency bands found 
in the (dyadic) wavelet decomposition. Because of the wavelet 
transform’s local support (short convolution filters), the de-
composition could in principle be carried out in real-time, 
without sacrificing temporal resolution as might be required 
by traditional power spectral analyses that typically require 
the complete signal for analysis. 

Below we begin by providing details of the LHIPA implemen-
tation and then review three experiments where we show the 
measure’s greater sensitivity to cognitive load (task difficulty) 
than the IPA under various conditions. 

IMPLEMENTATION OF THE LOW/HIGH IPA 
Computation of the LHIPA relies on wavelet decomposition 
of the pupil diameter, x(t), in all experiments taken to be the 
average of the left and right pupil diameter as reported binoc-
ularly by each eye tracker, and its wavelet analysis [45, 10]. 
As per Duchowski et al.’s IPA implementation, we choose 
the symlet-16 wavelet. As with computation of the IPA, the 
LHIPA proceeds identically via a dyadic series representation 
of x ∈ L2(R): x(t)= ∑∞ 

j,k=−∞ c j,kψ j,k(t), j,k ∈ Z, with {c j,k}
the wavelet coefficients, and the mother wavelet function 
ψ j,k(t) expressed by ψ j,k(t) = 2 j/2ψ(2 jt − k), with wavelet 
dilation and translation parameters j,k, respectively. It is im-
portant to emphasize that integral powers of 2 are used in 
the decomposition of the wavelet ψ j,k(t) via binary dilation 
(2 j), and dyadic translation (k/2 j) of a single function ψ . The 
importance of the use of integral powers of 2 are evident when 
indexing wavelet coefficients at different scales, i.e., when 
obtaining the pointwise low/high coefficient ratio, as given 
below. 

Using the Discrete Wavelet Transform (DWT) to analyze 
the pupil diameter signal at multiple levels of resolution, the 
wavelet coefficients are found directly: 

j−1 jxψ (t)=∑gkxψ (2t+k), 
k 

where {gk} is the one-dimensional high-pass wavelet filter. 
Level j can be chosen arbitrarily to select either high- or low-
frequency wavelet coefficients. 

For the high frequency component, we choose j = 1 and for 
the low, j= 1 log2 (n), the mid-level frequency octave where2 
log2 (n) is the number of octaves. The LF/HF ratio is thus: 

1/2log2 (n) 1 
ψ (2

1/2log2 (n)t)xψ (t)/x 

where the term (21/2log2 (n)t) in the denominator is the scale 
factor of the index into the high frequency signal when iterat-
ing over the (shorter) low frequency component. Remember 
that the length of the wavelet coefficient signal (array) at each 
lower resolution level is half that of the previous higher level 
of resolution. Hence, while iterating over the lower frequency 
signal, the index must be multiplied by raising 2 to the power 
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of frequency octave level being processed. Python implemen-
tation of the LHIPA is given in Listing 1 (see Appendix). 

Note that the LHIPA is a ratio of low to high frequency, with 
high frequency response expected with increased cognitive 
load (task difficulty), thus LHIPA is expected to decrease with 
increased cognitive load, the reverse of the IPA response. 

The last stage of LHIPA computation is almost identical to 
what is used in the computation of the IPA, except for the mode 
of thresholding. Specifically, we first find the sharp points of 
variation in the LHIPA signal via modulus maxima detection 
as for the IPA, then again use universal thresholding. Instead 
of ‘hard’ thresholding, we use ‘less’ thresholding wherein data 
is decimated if above the threshold while lesser values pass 
untouched. This is because unlike the IPA, we expect a smaller 
LHIPA response for greater cognitive load. Finally, we count 
the number of remaining coefficients to produce the LHIPA. 

EXPERIMENT 1: FIXED-GAZE NUMBER COUNTING 
To compare the sensitivity of the LHIPA and IPA to task dif-
ficulty, we first used the dataset provided by Duchowski et 
al. [15]. We include only the relevant methodological aspects 
of their study for context. All details of the experiment are 
identical to their original study and have not been altered in 
any way. 

Experimental Setting and Apparatus 
An SR Research EyeLink 1000 eye tracker was used to record 
eye movements binocularly at a sampling rate of 500 Hz. 
Each participant’s head was stabilized with a chin rest during 
the entire experimental procedure. Eye tracker accuracy is 
reported by the manufacturer as 0.25–0.5◦ visual angle on 
average. 

The experimental procedure was controlled by a personal com-
puter connected to the eye-tracking computer. Visual stimuli 
were displayed on a computer screen with 1920×1080 reso-
lution. The procedure was written in Python with the use of 
the PsychoPy package [50]. Responses made by participants 
were performed on a standard numerical keyboard connected 
to the stimuli presentation computer and placed at the side of 
the participant’s dominant hand. 

The experimental laboratory was devoid of windows limit-
ing the amount of ambient light during the study. Ambient 
luminance in the laboratory was 520 lux, with luminance of 
120-130 lux at the computer screen with the fixation point at 
screen center during the main part of the procedure. 

Experimental Procedure 
Three types of number counting trials, Difficult, Easy, and 
Control, were grouped into 6 blocks, yielding 18 trials total. 
Each block started with the Control, followed by the Easy and 
Difficult trials in counterbalanced order. Between each block 
of trials, participants were asked to take a short break lasting 
2-5 minutes. Each block started with the instruction screen. 
After each block of trials, the NASA Task Load Index [23] 
(NASA-TLX) questionnaire was completed as a self-reported 
cognitive load assessment. The raw NASA-TLX index was 
used for the experimental manipulation check. 

CHI 2020, April 25–30, 2020, Honolulu, HI, USA

In the Difficult trials, participants were asked to mentally count 
backwards, as fast and accurately as possible, in steps of 17 
starting at one of the following 4-digit numbers drawn ran-
domly from this set: {1375, 8489, 5901, 5321, 4819, 1817}. 

The Easy and Control trials were constructed similarly to 
Difficult trials, but differed in task performance and initial 
instructions. In the Easy tasks, participants were instructed 
to mentally count forward, as fast and accurately as possible, 
in steps of 2 starting at one of the following 3-digit numbers 
drawn randomly from this set: {363, 385, 143, 657, 935, 141}. 
In the Control trials, participants had no mental task assigned. 

During each trial, participants were prompted four times to 
enter their current number (in Difficult and Easy trials) or any 
3-digit number (in Control trials) in a text box on the screen. 
A limit of 9 seconds was given for providing the entry. Three 
prompts appeared at random times during each trial, and the 
fourth at the very end of the trial. The gap between prompts 
was a minimum of 15 seconds and a maximum of 80 seconds. 

When performing the mental calculations, participants were 
asked to gaze at the fixation point appearing at screen center. 
Whenever their gaze shifted 3◦ visual angle away from the 
fixation point a warning beep sounded. 

Participants 
Volunteers (N=17) for the study were recruited verbally and 
by social media. Due to problems with eye tracker calibration 
or misunderstanding of the task, data from 4 were discarded 
giving a final sample of N= 13 (7 M, 6 F with ages in range 
[20:40] years old, M = 29.77, SD = 7.15). All were right-
handed with normal, uncorrected vision. 

Results & Brief Discussion 
Before testing hypotheses, a manipulation check was per-
formed with the raw NASA-TLX score as a dependent vari-
able. Within-subject one-way ANOVA was performed on 
this score with task difficulty as a fixed factor. As expected, 
results showed a significant main effect of task difficulty, 
F(1.40,16.76)= 46.81, p < 0.001, η2 = 0.39 (c.f. results re-
ported by Duchowski et al. [15]). The following pairwise 
comparisons with Tukey HSD correction revealed that Diffi-
cult tasks were evaluated with significantly (p< 0.001) higher 
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(a) IPA vs. trial. (b) LHIPA vs. trial. 
Figure 1. Pupil response to task difficulty, with mean IPA and LHIPA 
versus task; error bars represent ± 1SE. 

Paper 267 Page 3

214 C Conference Papers



 CHI 2020 Paper CHI 2020, April 25–30, 2020, Honolulu, HI, USA

Trial	instruction:	
1-back	or	2-back

Trial	instruction:	
target	placement

Trial	instruction:	
response	keys

Trial:	
1-back	or	2-back

self-paced

self-paced

self-paced

Trial:	
baseline

30	s letter	presentation:	0.5	s	
inter-stimulus	interval:	1.5	s

+

+
C

F

F

H

30 s

baseline: 
fixation cross

task:

0.5 s
1.5 s

letter
ISI

letter
ISI

letter
ISI

letter

0.5 s
1.5 s

0.5 s
1.5 s

0.5 s
…

(a) Procedure schematic showing instruction and baseline. (b) Procedure schematic showing trial timing. 
Figure 2. Experimental procedure schematic and trial timing. 

cognitive load (M=12.26, SE=1.04) than Easy tasks (M= 
8.39, SE = 1.04) and Control tasks (M = 5.19, SE = 1.04). 
The difference between Easy and Control Tasks was also sta-
tistically significant (p<0.001). 

For analyzing pupillary response to task difficulty we first 
pre-processed the pupil diameter signal removing data 200 ms 
before the start of, and 200 ms following the end of a blink, 
as identified by the eye tracker, following Engbert and Kliegl 
[17]. After this pre-processing step, we then compute the IPA 
and LHIPA on the raw pupil diameter signal, x(t). 

We hypothesized that both IPA and LHIPA should indicate 
differences in cognitive load, distinguishing between Difficult, 
Easy, and Control tasks. We expected the IPA to be directly 
proportional and the LHIPA to be inversely proportional to 
task difficulty and for each to distinguish between the Easy, 
Difficult, and Control conditions. 

In order to test this hypothesis each of the IPA and LHIPA 
served as the dependent variable in two one-way within-
subject ANOVA tests with task difficulty as a fixed factor. 
Both ANOVAs were followed with pairwise comparisons with 
Tukey correction for comparing a family of 3 estimates. Be-
fore running statistical tests both IPA and LHIPA were tested 
for outliers. Outliers were defined as 1.5 times the interquartile 
range above the upper quartile and below the lower quartile. 
For IPA one (1) and for LHIPA six (6) outliers were identi-
fied. They were replaced with .05 or .95 percentile values of 
the variable depending on whether they were below lower or 
above upper thresholds. 

IPA Sensitivity 
The IPA appears to increase significantly with task difficulty, 
F(2,24)= 4.124, p = 0.03,η2 = 0.07, see Figure 1(a). Pair-
wise comparisons showed that the IPA differed (p = 0.051) 
between the Difficult (M= 0.23, SE= 0.02) and each of the 
Easy (M=0.19, SE=0.02) and Control tasks (M=0.19, SE= 
0.02). The difference between the Easy and Control tasks was 
not significant (p=1). 

LHIPA Sensitivity 
ANOVA of the LHIPA revealed a statistically significant main 
effect of task difficulty, F(2,24)=3.737, p=0.04,η2 =0.10. 

Pairwise comparisons showed that the LHIPA differed signifi-
cantly (p=0.03) between the Difficult (M= 3.45, SE=0.15) 
and Control tasks (M=3.85, SE=0.15). Differences between 
the Easy task (M=3.71, SE=0.15) and each of the Control 
and Difficult tasks were not significant (p = 0.62, p = 0.21, 
resp.), see Figure 1(b). 

Brief Discussion 
Results indicate that the LHIPA, like the IPA, responds to 
task difficulty in the fixed-gaze number counting task. Both 
measures distinguish between the difficult task and either of 
the easy and control tasks, but are not sensitive enough to 
distinguish between the easy and control conditions. It is also 
worth noticing that the effect size of task difficulty on LHIPA 
is slightly greater (η2 = 0.10) than on IPA (η2 = 0.07). 

EXPERIMENT 2: FIXED-GAZE N-BACK TASK 
Experiment 1 demonstrated the sensitivity of the IPA and 
LHIPA to task difficulty during mental calculation when pupil-
lary response was captured with gaze fixed at the center of 
the screen. In Experiment 2 to better establish a connection 
between task difficulty and active working memory load [57], 
the manipulation task was changed to an n-back task [37]. 
To evaluate potential effects of the distortion of the apparent 
off-axis pupil, the gaze fixation point was shown at five (5) 
different locations on the screen (see details below). 

Experimental Procedure 
Experiment 2 followed Appel et al.’s [2] n-back experimental 
protocol who used Marshall’s [45] ICA as a feature of their 
cross-subject classification of cognitive load. 

The n-back task consists of a randomly generated sequence 
of letters from the set L = {C,F, H, S} shown one after an-
other, each for a duration of 0.5 seconds with an inter-stimulus 
duration of 1.5 seconds (see Figure 2). Each letter and inter-
stimulus period thus constituted a 2 second trial. Within each 
trial, participants had to state whether the currently shown 
letter was the same as the one n trials before by pressing one 
of two keyboard buttons. 

Participants underwent a training phase for each of the n-back 
tasks they started. They were presented with a block of 15 

Paper 267 Page 4

C.3 The Low/High Index of Pupillary Activity 215



 CHI 2020 Paper CHI 2020, April 25–30, 2020, Honolulu, HI, USA

0.0

0.2

0.4

0.6

0.8

baseline task
Block−of−Trials

IP
A

 (a
ve

ra
ge

)

Task n−back
1−back
2−back

0

5

10

15

baseline task
Block−of−Trials

LH
IP

A
 (a

ve
ra

ge
)

Task n−back
1−back
2−back

Figure 3. Experimental setup with participant performing n-back task. 

trials from the task they were training for and repeated the 
training block until they reached an accuracy of at least 60%. 

Each of the 1- and 2-back tasks was preceded by a baseline 
task with a fixation cross positioned at the point where the 
stimulus letters would appear and lasted for 30 s. 

Every participant completed five blocks of each of the 1- and 
2-back tasks. Each of the five blocks displayed the target 
stimulus (letter) at one of 5 position on the screen, center, top-
left, top-right, bottom-right, or bottom-left. With the exception 
of the center block, the remaining 4 blocks were at 10◦ visual 
angle from center along each of the x- and y-axes. The order 
of the 1- and 2-back tasks was counterbalanced. Within the 
tasks, the order of the 5 locations was randomized. Each block 
consisted of 60 trials, lasting 2 minutes. 

Participants 
Volunteers (N=19) for the study were recruited verbally. Data 
from 1 participant were discarded due to their accuracy falling 
well below the 60% level required during training, giving a 
final sample of N= 18 (15 M, 3 F with ages in range [21:29] 
years old, M=22.77, SD=2.26). All had normal, or corrected 
to normal vision. 

Experimental Setting and Apparatus 
Similar to the first experiment, we used an SR Research Eye-
Link 1000 eye tracker to record eye movements binocularly at 
a sampling rate of 500 Hz. Each participant’s head was stabi-
lized with a chin rest during the entire experimental procedure. 

The experimental procedure was controlled by a personal com-
puter connected to the eye-tracking computer. Visual stim-
uli were displayed on a 24 in wide computer screen with 
1920×1200 resolution. The procedure was written in Python 
with the use of the PsychoPy package [50]. Responses made by 
participants were performed on a standard numerical keyboard 
connected to the stimuli presentation computer and placed at 
the side of the keyboard. 

The experimental laboratory was devoid of windows limiting 
the amount of ambient light during the study (see Figure 3). 
Ambient luminance in the laboratory was 30 lux at the screen 
and 8 lux at eye distance during baseline and trial stimulus 
presentation, measured with a Mastech Professional Lux Meter 
(model LX1010B). 

(a) IPA vs. baseline and task. (b) LHIPA vs. baseline and task. 
Figure 4. Pupil response to task difficulty, with mean IPA and LHIPA vs. 
baseline and task; error bars represent ± 1SE. 

Results & Brief Discussion 
As a manipulation check, the accuracy of responses between 
experimental conditions was compared by a one-way within-
subject ANOVA where task (1-back vs. 2-back) was treated as 
a fixed factor. The ANOVA showed a significant main effect 
of task, F(1,18)= 46.859, p< 0.001,η2 = .16. As expected, 
accuracy in the 1-back task was significantly greater (M = 
.91, SE= .03) than in the 2-back task (M= .80, SE= .03). 

We pre-processed the eye movement signal similarly to that of 
the first experiment, removing data 200 ms before the start of, 
and 200 ms following the end of a blink, as identified by the 
eye tracker. After this pre-processing step, we then computed 
the IPA and LHIPA on the raw pupil diameter signal, x(t). 

We hypothesized that both IPA and LHIPA should indicate 
differences in cognitive load, distinguishing between both 1-
and 2-back tasks and the baseline task. We expected the IPA 
to be significantly greater for the 2-back tasks and the reverse 
for LHIPA. We expected neither indicator to vary with gaze 
distance from center (off-axis position). 

To test the hypotheses two three-way within-subjects ANOVA 
tests were conducted with IPA and LHIPA as dependent vari-
ables. In both tests Block-of-Trials (baseline vs. task), Task 
Type (1-back vs. 2-back) and Off-Axis Position (top-left vs. 
top-right vs. center vs. bottom-right vs. bottom-left) were 
treated as fixed factors. Results are reported with Greenhouse-
Geisser correction when the sphericity assumption was not 
met. Both ANOVAs were followed by pairwise comparisons 
with Tukey correction for comparing a family of 3 estimates. 
Prior to ANOVA, as in Experiment 1, we employed a similar 
strategy for identification and removal of IPA and LHIPA out-
liers, with 13 outliers identified for LHIPA (3.61%), and 33 
outliers for IPA (9.7%). 

IPA Sensitivity 
The ANOVA for IPA as a dependent variable revealed 
only a marginally significant main effect of Block-of-Trials, 
F(1,17) = 4.20, p = 0.056, η2 = 0.01. Moreover, contrary 
to expectations, the IPA for n-back tasks was lower (M = 
0.43, SD=0.07) than for the baseline (M=0.52, SD=0.07), 
see Figure 4(a). For the effect of Task (1-back vs. 2-back), 
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neither main effect, F <1 nor interaction, between Block-of-
Trials and Task, F <1 was statistically significant. 

Contrary to the hypothesis, off-axis gaze position significantly 
influenced the IPA, F(2.78,47.21) = 5.19, p = 0.004,η2 = 
0.05. Pairwise comparisons showed that the IPA obtained 
from gaze at bottom-left was significantly greater than the IPA 
from gaze at top-left (p = 0.003), top-right (p= 0.004), and 
the screen center (p=0.037). Pairwise comparisons of the IPA 
and other off-axis positions were not significant. See Table 1 
for detailed descriptive statistics. 

Neither interaction effect of off-axis position with Block-of-
Trials, F(2.95,50.21) = 1.41, p = 0.25 nor with Task Type 
F <1 was statistically significant. The three-way interaction 
between Off-Axis Position, Block-of-Trials and Task Type 
was not significant, F <1. 

LHIPA Sensitivity 
ANOVA of the LHIPA revealed a statistically significant main 
effect of Block-of-Trials, F(1, 17)= 648.93, p< 0.001,η2 = 
0.81. In line with hypotheses, LHIPA from task trials was sig-
nificantly lower (M=8.44, SD=0.38) than from the baseline 
trials (M= 17.10, SD=0.38), see Figure 4(b). 

The analysis also showed that neither the Task main effect, F < 
1 nor interaction between Block-of-Trials and Task, F(1,17)= 
1.01, p = 0.33 was statistically significant. The main effect 
of Off-Axis Position was not significant, F(2.28,38.83) = 
1.23, p = 0.31 neither was any of the remaining interaction 
terms in which Off-Axis Position was involved (in all of these 
the interaction effects showed F <1). 

Brief Discussion 
Results indicate that the LHIPA was not sensitive to the off-
axis positions of the letter targets, but that the IPA was. For the 
IPA, this is an undesirable result, since it shows that off-axis 
distortion, otherwise known as the Pupil Foreshortening Effect 
(PFE) [24], may decrease the IPA’s reliability in detecting 
cognitive load. As in the fixed-gaze number counting task, 
neither the IPA nor LHIPA could distinguish between the tasks 
themselves, but the LHIPA could distinguish between task and 
baseline, whereas the IPA could not, possibly due to the PFE. 

The reason for the LHIPA’s inability to distinguish between 
tasks (1- and 2-back) may be twofold. First, Experiment 2 
was run in fairly low light conditions (30 lux compared to 520 
lux of Experiment 1). Thus, participants’ pupil diameter was 
probably already somewhat dilated. Therefore, the relative 
phasic change in pupil diameter could have been much smaller 
due to a relatively large tonic signal to begin with. Had the 
lights been turned on during the study, the tonic pupil diame-
ter would have been smaller allowing for greater changes in 

Table 1. IPA scores for different off-axis positions. 
Off-axis position Mean Standard Error 
bottom-left 0.65 0.08 
bottom-right 0.55 0.08 
center 0.44 0.08 
top-left 0.38 0.08 
top-right 0.39 0.08 
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(a) Eye-typing experiment setup. (b) OptiKey onscreen keyboard. 
Figure 5. Experimental setup of a participant performing the eye-typing 
task and the on-screen keyboard OptiKey. 

dilation, i.e., greater gain in phasic response could have been 
observed, according to Adaptive Gain Theory. Peysakhovich 
put it this way: according to the law of initial value [42, 31], a 
large tonic pupil diameter would imply a smaller phasic pupil 
response, potentially resulting in a restriction of pupillary dy-
namic range, i.e., when the pupil is already large, it cannot 
dilate further. 

Second, another reason for LHIPA’s lack of sensitivity to trial 
difficulty is that actual cognitive load did not differ greatly 
between the 1- and 2-back tasks, where task accuary was 
recorded as M= .91 and M= .80, respectively. Perhaps using 
a 1- and 3-back task would have elicited greater differences. 
However, increasing difficulty may lead to cognitive overload 
at which point phasic response could start to diminish. 

EXPERIMENT 3: EYE TYPING WITH OPTIKEY 
To evaluate the LHIPA in an unrestricted environment, we used 
a text-copy task in an eye-typing experiment. We modified 
the task by involving the working memory aspect of cognitive 
load and asking the participants to memorize the text. Task 
difficulty was varied by the complexity of the text to be mem-
orized. The study followed a within-subjects design with task 
difficulty as a fixed factor. 

Experimental Setting and Apparatus 
A Tobii Eye Tracker 4C (sampling frequency 90 Hz) was used 
to record the eye movements binocularly during the experi-
ment, with an experimental version of the open-source key-
board OptiKey, a Windows Presentation Foundation (WPF) 
application.1 The experimental version of the on-screen key-
board [13] allows us to provide and control the text to be 
eye-typed in the interface. 

The experimental procedure, incorporated into the keyboard, 
was presented to the participants on a computer screen 
with 1920×1080 resolution. The logging method, also pro-
grammed in the keyboard, allowed us to obtain eye movements 
as well as the typing procedure during the experiment. 

The experiment was performed in a laboratory with no access 
to natural light. Luminance was kept low, varying with par-
ticipants and days between 25-60 lux at viewing distance, but 
was kept constant for each day and participant. 

1https://github.com/OptiKey/OptiKey/wiki 
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Figure 6. Procedure schematic showing the sequence of one trial. 

Experimental Procedure 
Two types of text to be copied, Easy and Difficult, were sep-
arated into 4 blocks with 5 trials of each kind, resulting in 
a total of 40 trials. Different blocks were performed by the 
participants on different days. Each block consisted of 5 easy 
or difficult trials, followed by 5 trials of the opposite kind. 
The order of the easy and difficult trials were counterbalanced. 
Participants took a small break between each set of trials of a 
difficulty level. 

A trial in this self-paced experiment started with the sentence 
presented to the participants in the space above the keyboard, 
shown in Figure 5, to be memorized and eye-typed. After 
reading and memorizing, the participants were asked to type 
the sentence. On entering the first character, the sentence 
would disappear, forcing the participants to rely on their mem-
ory to eye-type the rest of the sentence. A dwell-time typing 
technique with auditory and visual feedback was used for 
eye-typing [44]. The trial ended with the participants being 
asked to rate their perception of the difficulty level of the trial 
(termed perceived difficulty), using the effort question from 
the NASA-TLX questionnaire, on a scale of 1 to 7. The inter-
trial time was 5 seconds and the sequence of the trial is shown 
in Figure 6. 

The difficulty level of the sentence to be memorized and typed, 
used to induce cognitive load, was operationalized by the 
text complexity score, which in turn was defined by the LIX 
readability score [9]: 

LIX=A/B+(C × 100)/A 

where A is the number of words, B is the number of periods 
(defined by period, colon, or capital first letter, and which was 
always 1 in our case), and C is the number of long words (more 
than 6 letters). Sentences with a LIX score greater than 60 
were categorized as difficult and sentences with a LIX score 
less than 30 were categorized as easy. The sentences were 
taken from the Leipzig corpus [21]. 

Participants were not restricted in any way, neither in terms of 
head mobility nor asked to fix their gaze location during the 
experiment. 
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(a) IPA vs. task difficulty. (b) LHIPA vs. task difficulty. 
Figure 7. Pupil response to task difficulty, with mean IPA and LHIPA 
versus eye-typing trial difficulty; error bars represent ± 1SE. 

Participants 
Volunteers (N = 19) were recruited via announcements in 
courses and the university’s social media groups. One par-
ticipant dropped out after one block, and so the data from 
N = 18 (9M, 9F with ages in range [21:31] years, M= 25.5, 
SD=2.38) is presented here. 

Results & Brief Discussion 
We start the results description with a manipulation check. 
In this experiment we implemented two types of manipula-
tion check based on subjective evaluation of effort (from the 
NASA-TLX questionnaire) of each trial as well as two perfor-
mance measures: error rate and the typing speed. The error 
rate, measured in %, was computed to be equally weighted 
character- and word-level Levenshtein distance, and the typing 
speed was calculated in normalized words per minute (WPM), 
where 1 word consists of 5 characters. The effort evaluation 
was treated as an indicator of self-assessed perceived task dif-
ficulty. All three measures were compared between easy and 
difficult trials with the use of within-subject one-way ANOVA 
tests. 

First, the ANOVA on perceived effort showed a significant 
effect of the task difficulty, F(1,12)=144.24, p<0.001,η2 = 
0.57. As expected, the subjective effort evaluation for easy 
trials was lower (M=3.03,SE=0.22) than for difficult trials 
(M=4.83,SE=0.22). 

Second, the ANOVA test on error rate showed a significant 
main effect of task difficulty F(1,17)=43.15, p<0.001, η2 = 
0.29. As expected, error rate for easy trials was lower (M= 
0.09, SE=0.03) than for difficult trials (M=0.23,SE=0.03). 

Finally, the ANOVA for typing speed gave a significant ef-
fect of the task difficulty, F(1,17)= 15.67, p = 0.001, η2 = 
0.02. Following expectation, the typing speed was higher 
for easy tasks (M = 9.94,SE = 0.67) than for difficult tasks 
(M=9.20,SE=0.67). 

The pupillary data were pre-processed in the same way as in 
the two previous experiments, by detecting blinks and remov-
ing 200 ms before the start and after the end of the blinks. We 
computed the IPA and LHIPA on the raw pupil size data. 
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(a) IPA vs. perceived difficulty. (b) LHIPA vs. perceived difficulty. 
Figure 8. Mean IPA and LHIPA compared to perceived difficulty; error 
bars represent ±1SE. 

We hypothesized that the IPA and LHIPA should differentiate 
between the cognitive load generated in performing easy and 
difficult tasks. We expected the IPA to be higher for the 
difficult trials than for easy trials and LHIPA to be lower 
for the difficult trials than for easy trials. The hypothesis was 
tested using repeated measures one-way ANOVA with trial 
difficulty as the independent variable and IPA and LHIPA as 
the dependent variable. 

We also hypothesized that the IPA and LHIPA should distin-
guish between subjective perceived effort. We expected the 
IPA to be higher for a higher perceived effort and the LHIPA to 
be lower for a higher score of perceived difficulty score. Both 
hypotheses were tested with linear mixed models (LMMs) 
with perceived effort as a within-subject predictor. All mod-
els were estimated using the lme4 package in R [55]. We fit 
models with perceived effort as the independent variable using 
a step-up approach based on Akaike Information Criterion 
(AIC), starting from the model with only random intercepts. 

IPA Sensitivity 
One-way repeated measures ANOVA showed a significant 
effect of trial difficulty, F(1,17)= 26.61, p < 0.001, η2 = 
0.15. Contrary to expectations, IPA was significantly lower 
for difficult trials (M= 0.13, SE= 0.01) than for easy trials 
(M=0.16, SE=0.01), see Figure 7(a). 

The LMM analysis retained perceived effort as a 
significant predictor of IPA, (χ2(2) = 16.65, p < 
0.001, AIC = −2170.70, BIC = −2143.34, Pseudo − R2 = 
0.12, observation number = 700). The model included a 
perceived effort random intercept and slope grouped by 
participant, see Figure 8(a). The intercept was significantly 
greater than zero, (est. = 0.18, SE = 0.01, t(28.09) = 
19.80, p < 0.001). The slope was also significant, 
(est.=−0.01, SE=0.00, t(28.53)=7.46, p<0.001). 

LHIPA Sensitivity 
One-way repeated measures ANOVA showed a significant 
effect of task difficulty, F(1,17)= 256.79, p < 0.001, η2 = 
0.75. Following expectations, LHIPA was significantly lower 
for difficult trials (M=1.37, SE=0.049) than for easy trials 
(M=2.07, SE=0.049), see Figure 7(b). 
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Linear-Mixed Models analysis of LHIPA with perceived 
effort revealed a significant effect of perceived ef-
fort (χ2(2) = 14.76, p < 0.001, AIC = 1309.20, BIC = 
1336.50, Pseudo − R2 = 0.38, observation number = 700). 
Similar to LMM analyses for IPA, the model for LHIPA in-
cluded a perceived effort random intercept and slope grouped 
by participant. The obtained intercept was significantly greater 
than zero, (est.=2.68, SE=0.16, t(8.00)=16.99, p<0.001). 
In line with hypotheses, the slope was negative and sig-
nificantly different from a flat line, (est. = −0.24, SE = 
0.03, t(7.18)= 7.05, p< 0.001). Higher perceived effort of 
the eye-typing task significantly lowers the LHIPA score, see 
Figure 8(b). 

IPA and LHIPA Over Fixed Trial Duration Time 
Due to the self-paced nature of the experimental design, the 
trial duration could vary between trials. The LHIPA compu-
tation involves a factor of time, i.e., the number of detected 
modulus maxima peaks over threshold are divided by the trial 
duration. To account for the variability in time duration, we 
decided to investigate further by using an equal trial duration 
for all trials. The fastest trial was 12 s, and so we used the 
first 12 s of every trial to compare the IPA and LHIPA. We 
expected the effect of task difficulty on the IPA and LHIPA to 
not change, even if only the first 12 s were used to compute the 
IPA and LHIPA, since memory load would be highest at the 
beginning, when participants started typing the sentence, and 
would gradually reduce as the participants continued typing. 
Recalling the sentence by typing it, similar to reporting the 
digit and word recall in the study by Kahneman and Beatty 
[33], could have led to reduction of cognitive load, exhibited 
by a decreasing pupil size during the reporting part of the 
experiment. 

Trial difficulty did not have a significant effect on IPA for 
equally timed trial duration, F(1,17)=4.05, p=0.06, η2 = 
0.05, and, contrary to expectations, the IPA for more difficult 
tasks was lower (M=0.22, SE=0.01) than for easy tasks (M= 
0.24, SE= 0.01). For the LHIPA, the effect was significant, 
F(1,17)=7.12, p<0.05, η2 =0.01, and, as expected, LHIPA 
produced significantly lower values for difficult tasks (M = 
6.37, SE=0.15) than for easy tasks (M=6.50, SE=0.15). 

Brief Discussion 
Results indicate that the LHIPA responds to task difficulty in 
an unrestricted (i.e., head and eye movement) applied setting 
when eye typing memorized sentences of varying complex-
ity under variable light conditions (25-60 lux). As expected, 
LHIPA was inversely proportional to task difficulty (easy or 
difficult). Interestingly, a similar inversely proportional rela-
tion was exhibited by the LHIPA for perceived task difficulty, 
aligning well with self-reported task difficulty scores. 

Contrary to hypothesis, results indicate that the IPA failed 
to produce a directly proportional response to either task dif-
ficulty or subjective perceived difficulty. Instead, the IPA 
produced the opposite, suggesting decrease in task difficulty 
and thus cognitive load. Why this should be is puzzling, al-
though reasons for its failure may be rooted in unrestricted eye 
movement (off-axis distortion of the apparent pupil, the Pupil 
Foreshortening Effect), or variable luminance levels. 
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On average, response of LHIPA to task difficulty manifested 
significance early on, as early the first 12 seconds into the trials, 
based on our analysis of fastest eye-typing task completion. 
The IPA failed to respond significantly within this short time 
frame. This suggests that the LHIPA may require relatively 
little time to indicate load, which bodes well for potential 
future real-time applications. 

GENERAL DISCUSSION 
In all three experiments, performance measures (e.g., speed, 
accuracy) indicate manipulation of task difficulty, i.e., easy, 
difficult, and/or baseline. The IPA effectively reflected task 
difficulty in only one situation, where gaze was fixed at screen 
center. The LHIPA responded to task difficulty reliably in all 
three experiments, each successively less restrictive in terms 
of head and eye movement and luminance conditions. 

It appears that high frequency pupil diameter oscillation, the 
artifact measured by the IPA, is, by itself, not a reliable indica-
tor of task difficulty, i.e., cognitive load. In contrast, although 
the LHIPA performs a similar measurement of pupil diameter 
oscillation, it does so via measurement of the LF/HF ratio. 
The low frequency component provides a type of built-in base-
line measurement that the IPA lacks. That is, the IPA, while 
measuring the pupil phasic response (HF), ignores the tonic 
component (LF). In using both, the LHIPA appears to provide 
a more reliable indicator of task difficulty, i.e., cognitive load. 

LIMITATIONS 
Because the IPA is based on measurement of pupillary os-
cillation, it was thought immune to effects of lighting (and 
sampling rate, e.g., as indicated by Bartels and Marshall’s 
[6] Index of Cognitive Activity, or ICA). However, results 
from Experiment 2 suggest that the IPA may be susceptible 
to the law of initial value [42, 31], when the pupil is already 
somewhat dilated in very low-light (e.g., scotopic, <70 lux) 
conditions. When the pupil is already dilated (high tonic sig-
nal), the relative change in pupil diameter (phasic change) 
may be difficult to detect. Adaptive Gain Theory suggests that 
cognitive load via pupillometric measurement may in general 
be better detected under daylight (low mesopic–photopic, ≥70 
lux) conditions. The response of eye-tracked pupillometric 
measures of cognitive load under varying luminance requires 
further investigation. 

IMPLICATIONS FOR INTERACTION DESIGN 
There is still a pressing need for non-invasive measures of 
cognitive load, so that interactive systems do not overload 
users, especially if the measurement can be made in real time. 

Because of the local support of the wavelet transform, com-
putation of the LHIPA shows that it may be possible to use 
a short-term filter to compute the low/high frequency ratio 
(LF/HF) of pupil diameter in real time. 

The LF/HF ratio is thought to give an indication of phasic ac-
tivity of the autonomic nervous system relative to tonic activity. 
This may in turn obviate the need for a separate baseline pupil 
diameter measurement as evidenced by the LHIPA response 
to task difficulty in the unrestricted eye-typing task. 

import math, pywt, numpy as np 

def lhipa(d): 
# find max decomposition level 
w = pywt.Wavelet(’sym16’) 
maxlevel = \ 
pywt.dwt_max_level(len(d),filter_len=w.dec_len) 

# set high and low frequency band indeces 
hif, lof = 1, int(maxlevel/2) 

# get detail coefficients of pupil diameter signal d 
cD_H = pywt.downcoef(’d’,d,’sym16’,’per’,level=hif) 
cD_L = pywt.downcoef(’d’,d,’sym16’,’per’,level=lof) 

√ 
# normalize by 1/ 2 j 

cD_H[:] = [x / math.sqrt(2**hif) for x in cD_H] 
cD_L[:] = [x / math.sqrt(2**lof) for x in cD_L] 

# obtain the LH:HF ratio 
cD_LH = cD_L 
for i in range(len(cD_L)): 
cD_LH[i] = cD_L[i] / cD_H[((2**lof)/(2**hif))*i] 

# detect modulus maxima, see Duchowski et al. [15] 
cD_LHm = modmax(cD_LH) p
# threshold using universal threshold λuniv = σ̂ (2logn) 
# where σ̂ is the standard deviation of the noise 
λuniv = \ 
np.std(cD_LHm) * math.sqrt(2.0*np.log2(len(cD_LHm))) 

cD_LHt = pywt.threshold(cD_LHm,λuniv ,mode="less") 

# get signal duration (in seconds) 
tt = d[ -1].timestamp() - d[0].timestamp() 

# compute LHIPA 
ctr = 0 
for i in xrange(len(cD_LHt)): 
if math.fabs(cD_LHt[i]) > 0: ctr += 1 

LHIPA = float(ctr)/tt 

return LHIPA 

Listing. 1. LHIPA implementation. 

CONCLUSION 
We derived a novel wavelet-based method for computing 
the low/high frequency ratio of pupil oscillation termed the 
Low/High Index of Pupillary Activity, or LHIPA. Empirical 
results show that the LF/HF ratio of pupillometric oscillation 
expressed by the LHIPA is robust in its sensitivity to the mea-
surement of cognitive load, in response to the presence of task 
difficulty. The LHIPA is not sufficiently sensitive to necessar-
ily distinguish between levels of task difficulty, but it is more 
effective at detecting load than the similar Index of Pupillary 
Activity. Moreover, for small angles (i.e., ∼10◦ visual angle), 
off-axis distortion of the pupil diameter is negligible in its 
effect on LHIPA although it appears to negatively affect the 
IPA. Robustness of the LHIPA response to task difficulty was 
shown in an applied setting (eye-typing) which demonstrates 
its potential for eventual use in real-time interactive systems. 

APPENDIX 
Listing 1 gives the Python 2.7 implementation of the LHIPA. 
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ABSTRACT
Cognitive load derived from pupillary measures has been studied
extensively in the human-computer interaction community, using
various kinds of tasks and measures. In this paper, we present pre-
liminary results on the cognitive load due to a gaze typing task
of varying complexities. A pilot study was conducted to observe
if a task on gaze typing sentences, of varying complexities, could
generate different cognitive load in the participants. The data ob-
tained was from pupils, blink data, pupil oscillation measured in
form of Index of Pupillary Activity and subjective scores. Logistic
regression was performed to observe the difference between easy
and difficult tasks and they were successfully differentiated, with
75% accuracy, using the measures of absolute pupil size, relative
pupil size and subjective scores given by the participants.

CCS CONCEPTS
• Human-centered computing → Text input; Keyboards; HCI
theory, concepts and models; Graphical user interfaces; Auditory
feedback.
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1 INTRODUCTION
Pupil dilation is commonly used in the human-computer interaction
community, to detect cognitive load during various tasks, including
driving [5], aircraft flying [1]. Another task that can be translated to
the real world is writing/typing – be it emails and reports for office,
or the sole means of communication for people with neurological
disorders like amyotrophic lateral sclerosis or cerebral palsy, using
an alternative and augmentative communication (AAC) system.
Cognitive load measurement finds tremendous use in designing
a break system for office workers [3] as well as for people with
neurological disorders [4].
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While the task at hand was gaze-typing, we believe that the re-
sults on the pupillary measurements could very well be extended to
typing using a keyboard. Gaze typing finds application, in addition
to in AAC, in communication in virtual reality. As the field is grow-
ing across domains, it will be interesting to notice the cognitive
load it can induce in its users. The conventional method of gaze
typing is by looking at a screen with a QWERTY keyboard, and
looking at every key in the keyboard for a particular amount of
time, known as dwell-time, in order to select the letter.

2 METHODS
2.1 Participants and Apparatus
Five Danish-speaking (C2 level) students/research assistancts par-
ticipated in the study (two females, ages 23-35 years), each do-
ing two sessions. Subjects had normal or corrected to normal vi-
sion. All but one subject had used different forms of gaze interac-
tion before. We used a Tobii eye tracker 4C (sampling frequency
90 Hz) to record the pupil data during the experiment. The soft-
ware used to conduct the gaze typing experiment was open-source,
named OptiKey. We have created an experimental version of the
keyboard to follow the protocol, including copy-typing and sav-
ing the writing and pupil data, and it can be downloaded here -
https://github.com/PeterOeClausen/OptiKey.

2.2 Experimental design and Procedure
There were two sessions on separate days for every subject – one
with a chin-rest to restrict movement and one without a chin-rest.
The chin-rest use in the first session was randomized. Every session
was composed of two parts without any break in between them,
the first, where the subjects composed their own text by describing
a given picture. This was followed by copy typing of sentences
shown on the screen. The subjects were instructed to remember
the sentences, as the sentences would not visible once they started
typing.

The images were obtained from an image corpus [6], and im-
ages which had two or more objects in the scene were chosen.
The sentences were taken from a pre-analyzed danish sentence
corpus: https://visl.sdu.dk/visl/da/parsing/nonautomatic/treebank.
php?S=/visl/da/parsing/nonautomatic/dancorpus2.

The sentences had three levels of complexity, as computed using
Läsbarhet (LIX) score, contributing to the three levels of cognitive
load. The three levels of complexity were: easy (LIX<30), medium
(40<LIX<50) and difficult (60<LIX).

The subjects signed a consent form, followed by answering first
part of a questionnaire with demographic questions. This was fol-
lowed by setup of the chin-rest, if it was in use for that session
and then calibration of the eye-tracker. The experimental setup is
shown in figure 1. In the first session, they had a trial run of up to
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five trials (one task composition and four copy-typing sentences)
to allow the subjects to get used to the protocol and gaze typing.
Luxmeter readings were taken once, and then again, once the par-
ticipant had finished the experiment. For every trial, the subjects
saw the sentence to type, or the image to describe, wrote down
its complexity on a paper in front of them and then started the
typing. Once they had finished typing, they answered a question
on the effort they had put in in the task, before going to the next
trial. The first trial, in each session, was of text composition based
on a picture. This was followed by 9 repetitions of copy-typing
sentences, randomized in the complexity level. After the subjects
finished the session, they answered questions from the NASA Task
Load Index (NASA-TLX). A scale of 1-7 was used for the NASA-TLX
questions and well as the questions on complexity and effort of the
task.

3 RESULTS
In this paper, we describe the preliminary results on the cogni-
tive load of copy typing sentences. The luxmeter readings were
kept constant for the same subject. The signals analyzed in the
preliminary analysis are blink frequency, average blink duration,
mean of absolute pupil size, mean of relative pupil size and Index
of Pupillary Activity (IPA) [2].

Signal processing of the data included removing the blinks from
the data 250ms before and after the blinks. Blinks (missing pupil
data) of more than 1s were not counted as blinks but as data loss.
This was followed by Hampel filtering of the pupil size to remove
the outlier pupil sizes. Blink durations were recorded and the mean
blink duration for every trial was analyzed. Blink frequency was
computed by dividing the total blink duration during a trial by
the time of the trial. Baseline pupil size was computed for every
trial, as the time between two consecutive trials. This time duration
was taken from when the subjects had to look at the key of ‘Next
Trial’ for the duration of the dwell-time, in order to proceed to the
next trial of the experiment. The mean of relative pupil size was
computed by subtracting the baseline pupil size from the pupil size
during the trial, and computing its mean. The mean of the pupil
size for the trial was used as mean of absolute pupil size. IPA value
was computed for every trial using a symlet-12 wavelet and 2-level
wavelet decomposition. The trial of task composition is not yet
considered for the data analysis, since deciding its true complexity
is more complicated than the complexity of the sentences.

The average time it took the participants for each session was
30.68 minutes. Logistic regression was performed for all trials that
belonged to the LIX complexity of easy and difficult, giving 60 (6
sentences x 2 sessions x 5 participants) data points for each mea-
sure. Medium complexity sentences were not considered, because
the they have a higher possibility of being mixed with the other
categories. Using the LIX score as the true value and the other mea-
sures mentioned above in a logistic regression model resulted in
the subjective difficulty score (given by the participant after every
trial), mean of absolute and relative pupil sizes being significant.
Mean of absolute pupil size (z=-3.7418) and subjective difficulty
score (z=3.5953) were significant with p<0.001 and mean of relative
pupil size (z=2.9239) with p<0.05. Cross-validation on 20% of the
data as test data gave an accuracy of 75%.

Figure 1: figure caption

4 DISCUSSION AND CONCLUSION
We have successfully managed to differentiate between high and
low cognitive load during gaze typing tasks with 75% accuracy
using logistic regression.

The data needs to be further analyzed to find out if the cognitive
load also affects the writing performance. This will be done, in the
future, by analyzing the typing performance of the participants.

Fatigue could also affect the writing performance as well as the
cognitive load on the participants, since it took an average of 30
minutes for each session. This could be studied for the participants
using blink analysis - blink frequency and inter-blink intervals. This
will also be performed and reported on, in the future.

The high accuracy of the logistic regression using just pupil sizes
- absolute and relative, implies that the task of typing using gaze
can affect the cognitive load of the subject. This can be extended to
using pupil size to estimate cognitive load of office workers while
working, to prevent situations of burnouts.
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ABSTRACT 

Gaze typing for people with extreme motor disabilities like 

full body paralysis can be extremely slow and discouraging 

for daily communication. The most popular technique in 

gaze typing, known as dwell time typing, is based on 

fixation on every letter of the word for a fixed amount of 

time, to type the word [1–3]. In this preliminary study, the 

goal was to test a new technique of gaze typing that 

requires fixating only on the first and the last letter of the 

word. Analysis of the data collected suggests that the newly 

described technique is 63% faster than dwell time typing 

for novices in gaze interaction, without influencing the 

error rate. Using this technique would have a tremendous 

impact on communication speed, comfort and working 

efficiency of people with disabilities. 

Author Keywords 

motor disability; communication system; gaze 

communication; gaze interaction 

ACM Classification Keywords 

• Human-centered computing→Keyboards; Text input; 

Usability testing; User interface programming; • Applied 

Computing→Consumer Health 

INTRODUCTION 

Communication via speaking or writing messages and 

emails is an essential part of human beings. People with 

paralysis may have difficulties accomplishing such tasks on 

a daily basis. A functional communication system allows 

people with motor disabilities to be a part of real dialogues 

instead of being passive responders to binary questions, 

continue being employed and stay connected to the world 

via internet [5]. 

The existing techniques for gaze typing may be broadly 

divided into two categories – using dwell time and dwell 

time free. Dwell time techniques are based on fixating at 

the letter on the virtual keyboard for a fixed amount of time, 

in order to select the letter and subsequently type the word. 

This fixed time is known as dwell time. The dwell time 

serves as a clutch that prevents people from selecting a key 

that they were just looking at and not intending to type, i.e. 

the Midas Touch problem. On the other hand, dwell time 

(typically in the range of 300 to 1000 ms) can decrease the 

typing speed, when it is on the higher end or increase error 

rate when chosen to be on the lower end. Dwell time typing 

has shown to allow typing at a maximum rate of 19.9 words 

per minute (wpm) after ten training sessions by non-

disabled people [1]. This typing speed is quite low as 

compared to speaking (150 wpm) and typing using a 

physical keyboard (40 wpm).  Working at this low speed 

can get frustrating and demotivating to use the technology 

on a daily basis. 

(a)

(b)

 Figure 1. Scan path while typing ‘house’ using (a) multi-key 

selection technique and (b) dwell time technique. The number 

on the bottom right side of the letter depicts the order of the 

typing and size of circle is proportional to the time spent 

fixating on the letter. 

On the other hand, dwell time free keyboards employ 

different techniques like language modeling [4] and can 

achieve a maximum typing speed of 34 wpm [6]. While 

these methods comes close to the typing speed via physical 
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keyboards, they requires extensive training and have a steep 

learning curve [6]. 

We have attempted to test a new technique combining 

dwell time and dwell time free methods and to observe the 

performance of novices. 

Figure 1 shows the working of the technique on a keyboard 

and a scan path of the letters along with the relative time 

required to type the word ‘house’. The background is 

OptiKey (https://github.com/OptiKey/OptiKey/wiki), an 

open-source keyboard and a novel technique, which was 

used in the study. As compared to  selecting every letter by 

fixating for the dwell time in dwell time typing, using 

multi-key selection function, the user looks at the first letter 

of the word ‘h’ for the complete amount of dwell time. 

Next, the user needs to only gaze through the middle letters 

‘ous’ in the order they occur, without spending any time on 

them. Reaching the last letter ‘e’, the user fixates on it for 

the dwell time and the intended word appears on the text-

writing area. As we see in the figure, using multi-key 

selection, the time spent on the letter ‘s’ is negligible, 

whereas dwell time typing requires all the letters of the 

word to be attended to. The disambiguation algorithm to 

select words for multi-key selection, after getting a reliable 

first and last letter using dwell time selection, finds the 

mean selection time for the letters in the middle and uses it 

as a threshold to filter the middle letters. All selected letters 

are compared to the dictionary entries using the longest 

common subsequence algorithm and the best match is given 

as output and the other matches as suggestions. 

PRELIMINARY STUDY 

Study Design 

The study was conducted with thirty-one visitors at a 

Health and Rehab Scandinavia fair, out of which two have 

been removed due to missing demographic data. There 

were fifteen participants below 30 years of age and fourteen 

above 30 years. There were sixteen males. Three 

participants were using a wheelchair; all but one had 

normal speaking abilities. There were eleven participants 

who had tried gaze interaction before, but none of them 

were regular users of it. Each participant was randomly 

assigned to type five sentences using one of the techniques 

– dwell time or multi-key selection. It was attempted to 

equally distribute the typing mechanisms between gender 

and age groups of below and above 30 years of age. The 

participants signed a consent form and instructions about 

gaze typing, the keyboard and the specific technique were 

orally provided. The study was performed using Tobii Eye 

Tracker 4C and the keyboard OptiKey on a computer. The 

keyboard used is depicted in Figure 1, and it shows space 

where the phrase to be typed is shown, above the keyboard. 

The dwell time was set at 800 ms. The participants were 

allowed to change it during the experiment. After the short 

experiment, participants were asked to rate the gaze typing 

experience on aspects of the challengingness, comfort and 

fun, on a scale of 1 to 10, 1 being the least challenging, 

uncomfortable and not fun at all. 

Results and Discussion 

The study showed that the average typing speed using 

multi-key selection technique was 7.5 wpm (σ = 2.0), while 

using dwell time typing was 4.6 wpm (σ = 2.1) and the 

difference is significant (U = 31, d.f. = 28, p < 0.001) using 

Mann-Whitney rank test. The mean error rate, computed in 

the form of modified Levenshtein distance per maximum of 

lengths of the phrase typed and the given phrase, was 

36.4% (σ = 32.2%) and the values ranged between 1.67% 

and 117.18%. The difference of the error rate was not 

significant between the two typing methods, as were the 

results of two-one sided tests (TOST) for difference 

between two independent means for equivalence testing, 

using equivalence bounds of ±10%. 

This high improvement in the typing speed as compared to 

traditional dwell time typing mechanisms might be a 

motivating factor for first time users of this technology, 

since it would not be as tiresome and slow. People who 

already use gaze typing and are now accustomed to their 

own systems might also find the typing mechanism 

interesting and effectively faster, to be able to switch to this 

technique. 

The subjective results on the typing experience showed that 

although the task was challenging and five participants 

found the multi-key selection technique highly challenging 

with a score of 9, it was nevertheless fun, and all 

participants gave a score of 5 points or more. On the aspect 

of comfort, 79% of the people gave a score of 5 or above. 

On the typing speed, there was an effect of age observed, in 

that the people below 30 years of age were faster than those 

above. This effect, however, was observed for both typing 

mechanisms, and was not a result of the younger people 

being generally more familiar with the swiping technique 

on touchscreen devices, which resembles multi-key 

selection. However, the younger people might have been 

faster at grasping it. 

The study performed was a preliminary one, and the sample 

size is not significantly big to make conclusive predictions 

about the technique presented. Further experiments with a 

controlled setup and Latin-square experiment design need 

to be performed with a bigger sample size, in order to draw 

conclusions about the technique. Comparing this technique 

with a dwell time free technique would be needed to 

conclude on the complexity of both kinds of typing 

mechanisms and the training required. 

CONCLUSION 

The results suggest that the multi-key selection technique is 

63% faster than the dwell time technique without having 

any impact on the error rate of typing. 
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