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ABSTRACT

Sleepiness or sleep deprivation is a serious hazard that can be life-threatening in
carrying out certain tasks (e.g., when driving or executing attention-critical tasks). Eye
movement can provide cues on sleepiness. Hence, eye-tracking metrics have the potential
to detect sleepiness.

In this research, we used a systematic analysis approach to identify eye-tracking
metrics for sleepiness. We used several databases to identify independent experimental
studies that have used eye-tracking metrics to assess sleepiness. We identified 25 studies
that included 674 participants where the participants’ data were captured both in an alert
state and in a sleep-deprived state. In the analysis, we found six main categories of eye-
tracking metrics for sleepiness: fixation, gaze, smooth pursuit, saccade, blink, and pupil
size.

Keywords: Sleep deprivation, Sleepiness, Eye-tracking, Blink, Saccade, Fixation,

Gaze, Pupil size, Smooth pursuit
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1. INTRODUCTION

Sleep deprivation affects our ability to respond to and perform well in tasks. It
increases human errors, reaction time, and time to complete tasks (Doran et al., 2000;
Lim et al., 2008; Pilcher et al., 1996) Sleep deprivation can also increase the risks to our
health, well-being, and longevity (Caldwell et al., 2019). It can negatively affect
performance in computer-based tasks and create hazards to safety, such as in traffic
control tasks (Pilcher et al., 1996). Sleep deprivation can impact behavior in the
following ways (Lim et al., 2008): (i) it slows down reaction time; (ii) it increases errors
on omission and commission; (iii) it increases time to complete tasks; (iv) its effect on
vigilant attention is sensitive to circadian and homeostatic drives. The circadian drive
promotes wakefulness according to one’s biological clock while the homeostatic drive to
sleep is affected by the duration of wakefulness.

Staying focused on any kind of job is important for successful completion of the
job or for completing the job well and on time. The ability to be focused or attentive in a
job can be affected by fatigue or sleepiness. "Fatigue is the state of feeling very tired,
weary or sleepy resulting from insufficient sleep, prolonged mental or physical work, or
extended periods of stress or anxiety. Boring or repetitive tasks can intensify feelings of
fatigue. Fatigue can be described as either acute or chronic™ (Caldwell et al., 2019). Lack
of sleep and repetitive work can cause cognitive fatigue (Caldwell et al., 2019). In this
research study, we are focusing mainly on sleep deprivation and their measures using

eye-tracking metrics.



Cognitive fatigue that is tied to sleep deprivation is well-established as a serious
health hazard. Fatigue and sleepiness in modern society are personal and occupational
risk factors. There is substantial evidence that excessive sleepiness in the workplace and
on the highway is a serious safety hazard, and there is mounting evidence that insufficient
sleep poses significant risks to health, wellbeing, and longevity (Caldwell et al., 2019).
Sleep deprivation in healthy adults induces widespread neurophysiological and endocrine
changes, characterized by impaired cognitive functioning, despite increased regional
brain activity (Klumpers et al., 2015). Sleep loss can result in increased reaction time,
decreased vigilance, increased perceptual and cognitive distortions, and reduced
cognitive abilities (Krueger, 1989). In addition to the negative impacts of sleep loss and
disrupted circadian rhythms, fatigue that degrades cognitive performance can result from
participating in long boring tasks such as highway driving, equipment monitoring, and
flying highly automated aircraft (Caldwell et al., 2019). Pilcher and Huffcutt (1996) have
shown that both short- and long-term sleep deprivation can affect any kind of task
performance. Sleepiness or sleep deprivation can create a serious hazard in any kind of
task performance. Eye movement can provide cues on sleepiness and hence, eye-tracking
metrics can be used to assess sleepiness.

Li et al. (2016) mentioned various metrics that can detect the difficulties of
understanding reading materials. Rayner (1998) also used eye-tracking metrics to identify
different cognitive demands on tasks. Schleicher et al. (2008) found that in any repetitive
work, sleep warnings can be issued based on metrics of eye movement.

Impaired cognitive functioning due to sleepiness manifests in the form of a

decrease in sustained attention and reduced vigilance. Therefore, sleepiness results in



higher risks of accidents and critical errors during situations in which constant levels of
attention are exigent. Researchers have been trying to find easy and effective methods to
identify and quantify sleepiness in humans through different methods. In this study, we
will identify eye-tracking metrics for sleepiness.

A device that can measure the attention state and proactively respond as
appropriate, to the attention state, can have great value. It may also serve and influence
ease of use and aid intuitive human-computer interactions. Some of these can be
illustrated in the specific scenarios of drone flying or robot-assisted surgery. Consider a
robot-assisted surgery, primarily instructed by a human surgeon in real-time. A human
error due to sleepiness or fatigue while interacting with the robotic computer can have
devastating consequences. Measuring human attention while interacting with a
computing device can be helpful to prevent human input errors in human-computer
interactions.

The objective of this study is to carry out a systematic analysis to identify the
important eye-tracking metrics which can be used to track sleepiness or sleep deprivation.
We tried to categorize different bifurcated metrics for ease of analysis and to identify the
most useful ones. We also tried to capture the studies according to the task performance,
the different scales used in different studies, the length of sleep deprivation, and our
studies include both partial and total sleep deprivation studies.

The thesis is organized as follows. Section 2 covers the background and literature
review. Section 3 describes the methodology. Section 4 provides the data analysis of the
study. Section 5 presents the discussions. Section 6 provides the limitations and future

research, and Section 7 presents the conclusion.



2. LITERATURE REVIEW

This section provides the details about the background and literature review. It
contains discussions about different metrics, metrics used to capture sleepiness in
different studies, scales used in various studies, and the psychological effects of sleep

deprivation.

2.1. EYE TRACKING METRICS

Eye movement and pupil size provide informative measures of sleepiness (Caffier
et al., 2003; Fransson et al., 2008; Zils et al., 2005). These movements and dilations can
be recorded and analyzed in a naturalistic workplace environment to detect the sleepiness
of workers who are carrying out attention-critical tasks such as air traffic control. Many
parameters of eye activity are not under voluntary control because different parts of the
brain system work together to control eye movement and pupil dilation. In turn, the
functioning of the brain system is affected by sleep deprivation. Zils et al. (2005)
discovered that saccadic velocity, especially peak saccadic velocity, can be a reliable
measure of fatigue from sleep deprivation. They indicate that other parameters of eye
movements could also be associated with sleepiness.

Biometric measurements of the movement and condition of the eyes are termed
oculometries. The eyes of an individual who is awake can take only one of three states:
blink, movement, or fixation. Researchers have utilized eye-tracking metrics to study
cognitive processing (Bera et al., 2019; Goldberg & Kotval, 1999; Kretzer & Maedche,

2018; Rayner, 2009), cognitive states (Marshall, 2007), mental effort (Buettner et al.,



2018; Marshall, 2007), and task performance (Buettner et al., 2018). Some of the key

eye-tracking metrics are shown in Table 2.1.

Table 2.1. Summary of key eye-tracking metrics

Metric

Definition

Interpretation

Fixation Count

Total number of

fixations on an object

Higher count indicates that the viewer
is facing problems with search
efficiency (Goldberg & Kotval, 1998;

Kotval & Goldberg, 1998)

Fixation Duration

Total time of fixation on

an object

Longer fixation may indicate that a
participant faces difficulty extracting
information from a display (Fitts et al,

1950; Goldberg & Kotval, 1998)

Gaze % on each

Area of Interest

The proportion of time
looking at a display

element

Longer duration reflects the difficulty
of information extraction and frequency
reflecting the importance of that area of

the display (Fitts et al, 1950)

Saccade

The rapid motion of the
eye from one fixation to

another

The degree of smoothness of eye
movements (e.g., distinct jumps)
indicates the conditions of individual
viewers (i.e., the endpoint cannot be

changed once the saccade is initiated)




Table 2.1. Summary of key eye-tracking metrics (cont.)

Metric

Definition

Interpretation

Smooth Pursuit

The eye movement
when following a

moving object

The smoother the movement, the more
stable or awake are the brain and the

eyes

Areas of Interests

(AOI's)

An Area of Interest
(AOI) indicates selected
regions of a displayed

stimulus

While not strictly a metric by itself, it
defines the area by which other metrics

are calculated

Blink Amplitude

Distance traveled by the

eyelid

Blinks are not all the same, and the
larger the blink, the higher its velocity.
With drowsiness, blinks are relatively

slower for the same amplitude.

Blink Duration

Duration from when the
eyelid starts moving
down until it is fully up

again

Normal blink frequency is on the order
of 9 to 13 per minute in the daytime,
increasing to 20 to 30 per minute with

sleep deprivation.

Heatmaps

Heatmaps are
visualizations that show
the general distribution

of gaze points

Heatmaps are color-coded. The red
color may indicate that the viewer is
unable to concentrate and stare at the

points for a long time.




Table 2.1. Summary of key eye-tracking metrics (cont.)

Metric Definition Interpretation

Scan-path Trajectories (paths) of | A smoother path means the participant

the eyes when scanning | s awake and focused. An uneven path

the visual field and means the participant is unable to

viewing and analyzing concentrate

any kind of visual

information

Pupil Diameter | Aperture inanoptical | the normal pupil size in adults varies

system or human eye from 2 to 4 mm in diameter in bright
light to 4 to 8 mm in the dark. The

deeper the sleepiness, the more the

pupil constricts.

2.2. SUMMARY OF LITERATURE FINDINGS

Various studies using different eye metric measurements have been carried out to
detect cognitive operations and states. Marshall’s (2007) study correlated eye movement
with human cognitive states. In her study, she made video recordings of the eye at high
speed (typically 60-250 Hz) and in real-time with the help of a camera device that was
either located on a lightweight headband or set up on a computer monitor. This setup
captured three pieces of information related to the eye; pupil-size, eye movements, and

blinks. These eye metrics are then analyzed with mathematical and statistical models to



differentiate between cognitive states. The cognitive state classification rates were
compared to those measured by three separate EEG studies and she concluded that
engaged cognitive state, distracted cognitive state, and fatigue can be differentiated using
eye metrics. Bera et al. (2019) used eye-tracking to detect and measure the cognitive
process of associating information from various Area of Interests (AOIs). The eye-
tracking metrics reveal viewers’ visual associations between elements of a diagram. This
visual association can be interpreted as cognitive integration that contributes to the
performance of the cognitive task of understanding the diagram. Gidlof et al. (2013) in
their study show that in a real-time environment, eye-tracking can reveal differences in
decision-making vs searching behavior.

Yang et al. (2012) in their study found that frequent eye blinking and long eye
closure are different for sleep-deprived subjects and non-sleep deprived subjects. Ghimire
et al. (2015) recognized the entire face as a valid observation area because facial gestures
such as yawning can give strong indications of the driver’s drowsiness state, but the study
limited itself to eye-tracking to avoid the higher computational complexity inherent in
entire facial gesture detections. Horng et al. (2004) successfully created a system that
carries out facial and eye location detection and predicts drowsiness by noting when eyes
are closed. Detection at the stage of dozing is rather comparatively primitive but an alert
at the very moment of eye closure from dozing can still be a very effective fatigue
detection system that can alert the driver on time.

Different sleep deprivation studies have been carried out using eye-tracking
technology. Bocca and Denise (2006) confirm in their study that saccadic eye movements

can reliably detect alertness and visuospatial attention simultaneously. They could also



tag specific brain regions that are affected by total sleep deprivation, confirming a
neurophysiological basis for the phenomenon. Sleep-deprived fatigue also results in
delayed pupil light reflex and a significant decrease in velocity of saccadic movement
(Rowland et al., 2005). Another similar study by Zils et al. (2005) discovered that
saccadic velocity, especially peak saccadic velocity, can be a reliable measure of fatigue
arising from sleep deprivation.

Eye blinks and fatigue are directly correlated. Caffier et al. (2003) studied eye-
blinking patterns under different states of fatigue and found that blinks under drowsiness
or sleepiness are prolonged in terms of eyes’ closing time, reopening time, duration of
closed time, and frequency of long closure duration blinks. Another study by Hakkanen
et al. (1999) observed eye blink duration, frequency, and speed control in drivers affected
by mild Obstructive Sleep Apnea Syndrome (OSAS). Sleep apnea could lead to under-
optimal body rest and hence, cause daytime drowsiness. Thus, it measured daytime
drowsiness in terms of blink metrics. It identified blink duration and blink frequency as
indicators of sleepiness.

Another area of interest, that is relatively less explored, is the cognitive
performance after awakening after total sleep deprivation. A study by Ferrara et al.
(2000) found saccadic velocity and smooth pursuit eye movement were less than ideal
after awakening from total sleep deprivation. This finding led to an interesting
recommendation that total sleep-deprived subjects should not undertake any complex or
critical tasks that need high oculomotor control soon after awakening. Sleep-induced
fatigue exhibits strong sleep inertia immediately after awakening. The study by

Drummond et al. (2005) observed performance deterioration after 36 hours of total sleep



10
deprivation. The authors also noted a compensating attentional recovery that may be
triggered after a particularly poor performance that occurred after total sleep deprivation.
A study by Anderson et al. (2010) identified factors leading to less-than-ideal
performance in a Psychomotor Vigilance Test (PVT) that was due to sleep deprivation-
induced performance lag. Various other factors such as visual inattention (eyes open) or
other distractions can potentially lead to reduced performance and thus may be attributive
factors other than sleep-deprivation-induced lapses.

Functional magnetic resonance imaging (fMRI) is also a key indicator of sleep-
related studies. Chee et al. (2008) used fMRI as a potential measurement tool to identify
and differentiate cognitive states related to attentional deficits and as a result, correlations
between visual attention or processing and sleep deprivation were detected. Johns (1991)
and others proposed self-administered questionnaires to self-report states of sleepiness.

There have been several studies to measure sleepiness, human fatigue, or
cognitive states using eye-tracking and other bio-physical indicators. The purpose of this
study is to review and identify current state-of-the-art knowledge and research status of
eye-tracking for different cognitive states, especially concerning the state of sleepiness.
Here, the research topic is related to several ideas such as cognition, cognitive state or
process, oculometry, sleep deprivation, cognitive performance tests, and so on. We
reviewed multiple publications on eye-tracking studies. A summary of the studies and the

metrics reviewed are provided in Table 2.2.



Table 2.2. Summary of literature findings

11

Reference

Research Focus

Key Findings

Eye-tracking Metrics

Ahlstrom et al.

(2013)

Using eye
movements and
sleep-wake
predictor to
estimate
sleepiness of
drivers in a fit-

for-duty test

Eye movement features
and sleep-wake predictor
model can be used to

predict severe sleepiness

e Saccade curvature
e The amplitude
ratio of sinusoidal

smooth pursuit

Barbato et al.

(1995)

Sleep
deprivation
affects
spontaneous eye

blinks

Blink rate increases with
sleep deprivation, which
increases central

dopamine activity

e Blink frequency

Bocca & Denise

(2006)

Saccadic eye
movement was
used to assess
the effect of

sleep deprivation

Saccadic eye movements
can be used to assess
alertness, sleep
deprivation, and

visuospatial attention

e Saccadic accuracy

e Saccadic latency
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Table 2.2. Summary of literature findings (cont.)

Reference Research Focus Key Findings Eye-tracking Metrics
Caffier et al. Measurement of | Blinks can be used to e Blink duration
(2005) eye-blink assess drowsiness or e Blink re-opening

parameters for sleepiness time
sleepiness e Blink frequency
e The proportion of
long-closure
duration blinks
Crevits et al. Effect of sleep Sleep deprivation affects | e Blink frequency
(2003) deprivation on blink rate but not saccade

saccades and

eyelid blinking

latency or the number of

saccade errors

De Gennaro et

al. (2000)

Dissociation
between speed
and accuracy in
total sleep

deprivation

Saccade latency
increases, saccade peak
velocity decreases, and
smooth pursuit velocity
gain decreases with sleep

deprivation

e Saccade latency

e Saccade peak
velocity

e Smooth pursuit

velocity gain
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Table 2.2. Summary of literature findings (cont.)

Reference

Research Focus

Key Findings

Eye-tracking Metrics

Ferrara et al.

(2000)

Oculomotor
performance
after sleep

deprivation

Saccade latency
increases, saccade
velocity decreases, and
smooth pursuit velocity
gain increases after sleep

deprivation

e Saccade latency

Saccade velocity
e Smooth pursuit

velocity gain

Fransson et al.

(2008)

Smooth pursuit
and saccadic eye
movements in
restricted sleep

deprivation

Sleep deprivation
decreases smooth pursuit
gain, smooth pursuit
accuracy, and saccade
velocity, and affects the
ratio between saccade
velocity and saccade

amplitude

e Saccade velocity

e Saccade
amplitude

e Smooth pursuit
velocity gain

e Smooth pursuit

accuracy
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Table 2.2. Summary of literature findings (cont.)

Reference

Research Focus

Key Findings

Eye-tracking Metrics

Franzen et al.

(2009)

Pupillary
reactivity on
sleep-deprived

adults

Sleep-deprived
individuals have larger
pupil diameters when
viewing negative
pictures, which suggests
greater reactions to
negative emotional

information

e Pupil diameter

Hékkéanen et al.

Detect sleepiness

Sleepiness increases

e Blink duration

(1999) through blink blink duration

duration
Heaton et al. Sleep Gaze instability and o Gaze stability
(2014) deprivation reaction time

decreases deterioration are found in

attention and sleep-deprived

visual tracking individuals
Ingre et al. Blinking, Blink duration increases | e Blink duration
(2006) lane drifting, and | with sleep deprivation

KSS in sleep-

deprived driving
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Table 2.2. Summary of literature findings (cont.)

Reference

Research Focus

Key Findings

Eye-tracking Metrics

Jinetal. (1991)

Eye movement
variables to
detect driver

sleepiness

Blink frequency, gaze
direction, fixation
duration, and percent eye
closure (PERCLOS) can

detect driver sleepiness

¢ Blink frequency

Gaze direction

e Fixation duration
e Percent eye
closure

(PERCLOS)

Kurylyak et al.

(2006)

Infrared camera-
based system to
evaluate

sleepiness

Blink time interval is
shorter when sleepy than

alert

¢ Blink frequency

Marshall (2007)

Measurement of
metrics to
identify
cognitive states
of a sleep-

deprived subject

Assessed different
cognitive states using eye
metrics and corroborated
with EEG measurements,
and identified metrics
that differentiate
cognitive states including

sleepiness

e Blink frequency

e Pupil size

e Saccade rate

e Divergence
(distance between
horizontal
locations of both

eyes)
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Table 2.2. Summary of literature findings (cont.)

Reference Research Focus Key Findings Eye-tracking Metrics
Miles et al. Extreme Saccadic eye movement | e Saccade velocity
(1931) sleepiness can be | was slower and wavering | ¢ Gaze stability

detected by eye | of fixations was observed
movement and with sleepiness
visual fixation
Porcu et al. Nighttime Saccadic performance e Saccade accuracy
(1998) sleepiness and smooth pursuit are e Saccade latency
indicators affected by sleepiness e Rejected
(“inappropriate™)
saccades
e Smooth pursuit
(velocity gain and
phase)
Rowland etal. | Responses of Sleep deprivation induces | e Saccadic velocity
(2005) oculomotor fatigue and results in e Latency to pupil

during partial
and total sleep

deprivation

delayed pupil light reflex
and decreased saccadic

velocity

constriction
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Table 2.2. Summary of literature findings (cont.)

Reference Research Focus Key Findings Eye-tracking Metrics
Russo et al. Oculomotor Saccadic velocity e Saccadic velocity
(2003) impairment decreases and latency to | e Latency to pupil

during chronic
partial sleep

deprivation

pupil constriction
increases with sleep

deprivation

constriction

Schleicher et al.

(2008)

Eye movement
indicators of
fatigue for
issuing
sleepiness

warnings

With increasing time in
repetitive work, eye
movements changed and
by capturing different
metrics, sleepiness

warnings can be issued

Blink duration
Delay of eyelid
reopening

Blink interval
Eyelid closure
speed

Saccadic duration

Fixation duration
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Table 2.2. Summary of literature findings (cont.)

Reference

Research Focus

Key Findings

Eye-tracking Metrics

Shiferaw et al.

Sleep-deprived

Gaze behavior, blink

Stationary gaze

(2018) drivers’ behavior | rate, blink duration, entropy
fixation rate, and saccade | ¢ Gaze transition
amplitude are affected by entropy
sleep deprivation ¢ Fixation rate
e Blink frequency
e Blink duration
e Saccade
amplitude
Tong et al. Sleep Acute sleep deprivation | e Saccade velocity
(2014) deprivation and | degrades visual tracking | e Anticipatory
visual tracking and prediction capability saccade amplitude
synchronization | becomes less precise e Gaze stability
e Smooth pursuit
velocity gain
Wilhelm et al. Pupil size Pupillary behavior is e Pupil size
(1998) measurement of | affected by sleep

sleep deprivation

deprivation and pupillary
oscillations quantify

sleepiness
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Table 2.2. Summary of literature findings (cont.)

deprivation on
saccadic eye

movements

deprivation

Reference Research Focus Key Findings Eye-tracking Metrics
Yang et al. Eyelid tracking | An eye-tracking system | e Blink frequency
(2012) for fatigue was developed to predict | e Percent [of]

detection from fatigue from facial and eye[lid] closure
sleep deprivation | eyelid tracking of sleep- (PERCLOS)
deprived and non-sleep
deprived individuals
Zils et al. Differential Saccadic eye movements | e Saccadic peak
(2005) effects of sleep can detect sleep velocity

e Saccadic accuracy

e Saccadic latency

2.3. POPULAR SCALES USED IN THE STUDIES

Sleepiness can impact performance in computer-based tasks. It can increase the

response time, the number of errors made, and the time taken to complete a task (Lim et

al., 2008). Popular scales that have been used to assess sleepiness include Multiple Sleep

Latency Test (MSLT), Maintenance of Wakefulness Test (MWT), Stanford Sleepiness

Scale (SSS), Epworth Sleepiness Scale (ESS), Karolinska Sleepiness Scale (KSS),

Sleepiness Visual Analogue Scale (VAS), and Accumulated Time with Sleepiness (ATS).

MSLT and MWT are laboratory-based methods to assess the ability to fall asleep and
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stay awake respectively. When focused attention is critical to a job that involves safety,
MSLT and MWT can be used to assess the potential risk of work-related hazards or
accidents. The SSS, ESS, KSS, VAS, and ATS are self-reported measures of sleepiness.

2.3.1. MSLT. MSLT is a validated measure of excessive daytime sleepiness that
assesses the tendency to fall asleep (Littner et al., 2005). It is assumed that the sleepier a
person is, the quicker he or she falls asleep. MSLT measures how fast a person falls
asleep in a laboratory setup (i.e., in a dark and quiet controlled environment) with
electrodes and wires attached so sleep can be monitored (Johns, 2000; Porcu et al., 1998).
The testing for MSLT takes a full day as it involves assessments of sleep latency (i.e., the
amount of time it takes to fall asleep) of five naps separated by two-hour breaks. Each
nap lasts 15 minutes and each nap attempt will end after 20 minutes if sleep does not
occur.

2.3.2. MWT. MWT is an assessment of the ability to stay awake for a defined
duration (Littner et al., 2005). It assesses the wake tendency of a person while resisting
falling asleep in a dull and quiet environment (Doghramiji et al., 1997) MWT has been
used to assess responses to interventions for disorders associated with excessive sleep.
External factors such as light, temperature, and noise are isolated during the test.

2.3.3. SSS. SSSis a popular sleepiness scale that is widely used in sleep-related
studies. SSS is a one-item self-reported assessment of sleepiness at a specific moment in
time. Sleepiness is assessed on a scale of 1 to 7 (see
https://web.stanford.edu/~dement/sss.html for the scale) to indicate the current level of

sleepiness (Hoddes et al., 1972). SSS has also been used to assess mood change
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following a phase shift of the sleep-wake schedule (Maclean et al., 1992; Surridge-David
etal., 1987).

2.3.4. KSS. Similar to SSS, KSS is also a one-item measure to assess sleepiness
and has been validated against alpha and theta electroencephalographic (EEG) activity as
well as slow eye movement electrooculographic (EOG) activity (Ahlstrom et al., 2013). It
is rated on a 9-point scale (1 = extremely alert, 2 = very alert, 3 = alert, 4 = rather alert, 5
= neither alert nor sleepy, 6 = some signs of sleepiness, 7 = sleepy, but no effort to keep
awake, 8 = sleepy, some effort to keep awake, 9 = very sleepy, great effort keeping
awake, fighting sleep). It exists in two versions. The first version only labels the odd
points in the scale (1, 3, 5, 7, 9) whereas the second version adds labels to the even points
and hence, labels all 9 points in the scale (Miley et al., 2016).

2.3.5. ESS. ESS is a self-administered questionnaire of eight items to assess the
general level of sleepiness (see https://epworthsleepinessscale.com/about-the-ess/ for the
scale). It uses a 4-point (0-3) scale to assess the likelihood to doze off or fall asleep when
engaged in eight different activities. The sum of the scores over the eight items or
activities yields an overall score for average sleep propensity. The concept of ESS was
derived from observations on the nature of the occurrence of daytime sleepiness (Johns,
1991).

2.3.6. VAS. VAS was developed to assess state or mood on a horizontal line with
bipolar descriptions. It involves rating sleepiness along a line with both extremes labeled
as ‘very sleepy’ and ‘very alert’ (Johnson et al., 1990; Monk et al., 1985). VAS can be
used for rating a variety of states or moods that also include fatigue, tension, anger, vigor,

sadness, and cheerfulness (McCormack et al., 1988; Sanchez et al., 2016).
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2.3.7. ATS. ATS is an assessment of subjective sleepiness over long periods. It
involves asking a person to estimate the proportion of wake times that he or she
experiences symptoms of sleepiness such as heavy eyelids, irresistible sleepiness, and
reduced performance (Waage et al., 2012). Ratings of ATS showed high correlations with

those of KSS and VAS (Gillberg et al., 1994).

2.4. PSYCHOLOGICAL EFFECTS OF SLEEP DEPRIVATION

The need for sleep varies among individuals (Shneerson, 2000). The average
sleep duration for a human body is around 7.5 to 8 hours (Kripke et al., 2002; Carskadon
and Dement, 2005; Kronholm et al., 2006). Two processes of sleep regulations are
circadian process C and homeostatic process S (Achermann, 2004). The theory on
circadian process C posits the existence of control by an endogenous circadian
pacemaker, which controls an onset and offset episode of sleep, whereas the homeostatic
process S depends on wakefulness and the need for sleep; the need for sleep increases
with wakefulness (Alhola et al., 2007). Sleep is important for several reasons such as
body restitution, energy conservation, thermoregulation, and tissue recovery (Maquet,
2001). Good sleep is essential for cognitive performance and memory consolidation
(Maquet, 2001; Stickgold, 2005). The lack of sleep can activate the sympathetic nervous
system, which can lead to high blood pressure (Ogawa et al., 2003). Studies have shown
that people who are sleep deprived usually experience a decrease in cognitive
performance and a change of mood (Huffcutt, 1996; Philibert, 2005). Sleep loss or
deprivation is one of the reasons for obesity and diabetes. Although obesity is itself a

cause for diabetes in recent studies, it is found that sleep loss may increase glucose
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metabolism and increase the risk of diabetes independently. Sleep restriction that causes
upregulation of appetite can be a reason for weight gain, which turn results in insulin
resistance, a condition that increases the chance of diabetes (Knutson et al., 2007).
Sleep deprivation deeply affects the ability of human beings to respond promptly to any
task performance. Lim et al. (2008) stated that sleep deprivation broadly affects four
areas of behavioral changes: 1. Sleep deprivation causes overall slowing of reaction
times. 2. Sleep deprivation increases errors on omission and commission. 3. Sleep
deprivation enhances the time on task effects. 4. The lack of vigilant attention due to
sleep deprivation is sensitive to both circadian and homeostatic drives. Extended sleep
deprivation influences competition for works according to the state-instability theory
(Durmer et al., 2005). Though sleep loss affects individuals differently (Van Dongen et
al., 2004), it is found that it increases the reaction time in a PVT task when a person is
sleep-deprived (Doran et al., 2001; Pilcher et al., 1996; Edholm et al., 1965). Chronic
restriction in sleep, i.e., 6 hours or less, causes cognitive performance deficits. It is also
found that moderate sleep restriction could cause impaired waking neurobehavioral
functions in healthy adults (Van Dongen et al., 2003; Drake et al., 2001). According to
the study by Orzet-Gryglewska (2010), sleep deprivation causes longer reaction time,
distractedness, disturbances in attention and concentration, forgetting known facts,
difficulty in memorizing new information, mistakes, and omissions.

Two vital cognitive domains in sleep deprivation are attention and working
memory. Working memory is divided into four subparts: phonological loop, visuospatial
sketchpad, the episodic buffer, and central executive (Baddeley and Hitch, 1974;

Baddeley, 2000). The verbal and acoustic information is stored by the phonological loop;
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visual information is stored by the visuospatial sketchpad; the episodic buffer gathers
information from several different sources, and the central executive serves the overall
control function (Alhola et al., 2007). Working memory plays a major role in certain
attention functions (Baddeley et al., 1999), which is referred to as vigilance. Attention
and working memory are both controlled by the frontal lobes of our brain (Naghavi and
Nyberg, 2005). Since the frontal brain areas are vulnerable to sleep deprivation (Harrison
et al., 2000; Thomas et al., 2000), we can conclude that both attention and working

memory are compromised during prolonged wakefulness or if someone is sleep deprived.
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3. METHODOLOGY

The data analysis was conducted through a systematic review of relevant studies
(Moher et al., 2009). We searched the literature in the electronic databases of Scopus,
IEEE, MEDLINE, Psycinfo, PubMed, and Scopus from their inception to December
2020. The keywords we used for the database search are consistent but the methodology
used by the databases is slightly different. For Scopus & IEEE, we used “sleep
deprivation” as a primary search term and within the list of results, we searched for “eye-
tracking” and “eye tracking” to identify the relevant studies. For Medline, we used the
query “("sleep deprivation"[All Fields]) AND (("eye-tracking"[All Fields] OR "eye-
tracking technology"[All Fields] OR "eye tracking"[All Fields])”. In PsycInfo and
PubMed, we used the keywords “sleep deprivation”, “eye-tracking” and “eye tracking” to
identify the relevant studies. A total of 302 studies were found based on the above-

mentioned search strategy; among them, 25 primary articles were relevant and hence,

included in the systematic analysis, which is discussed in the next section.

3.1. INCLUSION CRITERIA AND STUDY SELECTION

We included studies where the participants were above the age of 19 and not
having any significant medical or neurological conditions. We also checked if the
participants in the studies have sleep-related issues such as sleep difficulties and if they
were on any sleep-related medications in order to exclude them. Participants with a
normal sleep cycle and a normal vision as well as no history of alcoholic abuse were

included in the analysis.
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For the study selection, we included studies where eye-tracking metrics were
captured and data were captured in an alert state and the sleep-deprived state. Only
experimental studies are included in the systematic analysis. There are two types of sleep
deprivations: acute (24 hrs. or up of sleep deprivation) and partial (3-4 hrs. of sleep
deprivation for a few nights) (Philip et al., 2012). Few studies we found are concerned
with partial sleep deprivation (St-Onge et al., 2012; St-Onge et al., 2014; Poudel et al.,
2013) and we excluded them from the analysis (Eickhoff et al., 2016).

Importantly, the included studies that are taken into consideration involved high
sleep-deprived subjects (>20 hrs. of sleep deprivation). We found some experiments with
overlapping samples and therefore, we included only one of them. Finally, after a close

examination of these studies, we included 25 primary studies for the systematic analysis.

3.2. CODING OF STUDY INFORMATION

The final datasheet is created using the 25 final selected studies. A coding sheet
was developed to capture the data from these studies. A total of 58 key metrics is
captured from the studies involving 674 participants. Table 3.1 shows the demographic

and imaging information of the included papers.



Table 3.1. Demographic and imaging information of the included papers

Sl. Reference Eye-tracking Metrics No of Gender Avg Age | Hr. Statistical Scale Used
No Metrics Category | Partici of Analysis type
pants SD
1 Ahlstrom et al. Saccade curvature Saccade 24 M-12/F-12 | 35+/-9.6 24 between-studies KSS
(2013)
Amplitude ratio of Smooth
sinusoidal Pursuit
smooth pursuit
2 | Barbatoetal. (1995) | Blink frequency Blink 8 M-2/F-6 25+/-5 24 between-studies
3 Bocca & Denise Saccadic accuracy Saccade 10 M-10 21 24 between-studies ESS
(2006)
Saccadic latency Saccade
4 Caffier et al. (2005) Blink duration Blink 21 M-19/F-2 55.3 24 between-studies ESS/VAS
Blink re-opening Blink
time
Blink frequency Blink
Proportion of Blink
long-closure
duration blinks
5 Crevits et al. (2003) Blink frequency Blink 21 M-10/F-11 25 20 between-studies
6 De Gennaro et al. Saccade latency Saccade 5 M-5 29.67 24 between-studies SSS
(2000)
Saccade peak Saccade
velocity
Smooth pursuit Smooth
velocity gain Pursuit
7 Ferrara et al. (2000) Saccade latency Saccade 9 M-5 23.2 40 between-studies VAS
Saccade velocity Saccade
Smooth pursuit Smooth
velocity gain Pursuit
8 Fransson et al. Saccade velocity Saccade 18 M-10/F-8 23.8 36 between-studies VAS

(2008)

LZ



Table 3.1. Demographic and imaging information of the included papers (cont.)

Saccade Saccade
amplitude
Smooth pursuit Smooth
velocity gain Pursuit
Smooth pursuit Smooth
accuracy Pursuit
9 | Franzen et al. (2009) Pupil diameter Pupil Size 30 M-15/F-15 24.4 24 between-studies VAS
10 Hékkénen et al. Blink duration Blink 10 M-10 24 between-studies MWT
(1999)
11 | Heaton et al. (2014) Gaze stability Gaze 87 M-68/F-19 21.8 26 between-studies
12 Ingre et al. (2006) Blink duration Blink 10 M-5/F-5 37 24 within-studies KSS
13 Jin et al. (1991) Blink frequency Blink 12 M-8/F-4 27.1 24 between-studies KSS
Gaze direction Gaze
Fixation duration Fixation
Percent eye Blink
closure
(PERCLOS)
14 Kurylyak et al. Blink frequency Blink 1 M-1 24 between-studies
(2006)
15 Marshall (2007) Pupil size Pupil Size 30 M-17/F-13 19.5 24 between-studies
16 Miles et al. (1931) Saccade velocity Saccade 5 M-5 66 within-studies
Gaze stability Gaze
17 Porcu et al. (1998) Saccade accuracy Saccade 5 M-5 29.67 24 between-studies | MWT/MSLT
Saccade latency Saccade
Rejected Saccade
(“inappropriate”)
saccades
Smooth pursuit Smooth
(velocity gain and Pursuit
phase)
18 Rowland et al. Saccadic velocity Saccade 12 M-12 64 between-studies
(2005)

8¢



Table 3.1. Demographic and imaging information of the included papers (cont.)

Latency to pupil Pupil Size
constriction
19 | Russo et al. (2003) Saccadic velocity Saccade 66 M-50/F-16 35 26 between-studies SLT/SSS
Latency to pupil Pupil Size
constriction
20 Schleicher et al. Blink duration Blink 138 M-76/F-62 334 between-studies KSS
(2008)
Delay of eyelid Blink
reopening
Blink interval Blink
Eyelid closure Blink
speed
Saccadic duration Saccade
Fixation duration Fixation
21 Shiferaw et al. Fixation rate Fixation 9 M-4/F-5 33 24 between-studies KSS
(2018)
Blink frequency Blink
Blink duration Blink
Saccade Saccade
amplitude
22 Tong et al. (2014) Saccade velocity Saccade 87 M-68/F-19 21.8 26 between-studies SSS
Anticipatory Saccade
saccade amplitude
Gaze stability Gaze
Smooth pursuit Smooth
velocity gain Pursuit
23 | Wilhelm et al. (1998) Pupil size Pupil Size 13 M-8/F-5 25 24 between-studies SSS
24 Yang et al. (2012) Blink frequency Blink 28 M-14/F-14 24 between-studies PVT
(PERCLOS) Blink
25 Zils et al. (2005) Saccadic latency Saccade 15 M-15 23.7 24 between-studies

6¢
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4. DATA ANALYSIS

For the data analysis, we used the R language and R Studio. R studio is a
powerful open-source and free platform for data analysis. R is specifically built for
statistical analysis. It is widely used in various fields for data manipulation and data
visualization. This data was created and stored as an RMD file written in R studio then
converted into a word file by using Knit in R Studio which rendered the document. We
created the RMD file by calculating and pooling the effect sizes in our coding sheet.

We used R for the meta-analysis because of its widely supported packages. Meta-
analysis is a quantitative analysis of a dataset, created in the form of a systematic review

and focused reviews.

4.1. MEASUREMENT

For assessment of the data, we used the “meta” package in R studio. Meta
package is the most broadly used package for meta-analysis. For meta-regression to
single-arm proportion calculation in a meta-analysis, the meta-package can be used.
“metafor” package can be used to conduct a meta-analysis.

To conduct the meta-analysis, we prepared the data by calculating the effect size
and standard error of effect size from the mean (M), standard deviation (SD), and sample
size (N) we collected from the studies. Effect size tells us how a group is different from
another. To calculate the effect size, we used the Hedge’s g method as it is recommended

if the sample size is less than 20. We chose Hedges’ g over Cohen’s d because most of
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the sample sizes of studies included in our analysis are less than 20. In general, for a
sample size greater than 20, both statistics are roughly equivalent.
We used the “metagen” function of “meta” package to pool the effect sizes. We

used a forest plot for visualization of the data by using “forest” function.

4.2. RESULTS

Figure 4.1 depicts a flow chart that demonstrates how the included studies were
obtained. These 25 studies include 58 eye-tracking metrics.

When pooling effect sizes, there are two methods: one is the Fixed-Effect Model
and the other is the Random-Effects Model. Both of these methods need only the effect
size and variance in each study for computations. These methods are also called generic
inverse-variance methods. The fixed effect method assumes that all the studies are from a
single homogeneous population. To calculate the overall effect, we averaged out all the
effect sizes but give the studies with greater precision a higher weight. In the random
effect model, the studies were not drawn from the same population and the study effect
shows more variance than can be accounted for. As our study populations are quite
different from one another, we found that the random effect models are quite suitable for
this meta-analysis.

4.2.1. Pooling Effect Sizes of the Studies. When dealing with continuous
outcome data, it is easy to calculate the Standardized Mean Difference (SMD) as an
outcome for each study. A common format to calculate the SMD is Hedge’s g and to

calculate the effect sizes, we used the Hedge’s g method. The formula for Hedge’s g is
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shown in Equation (1). Where (M1-M2) is the difference in mean and SD*pooled IS the

pooled and weighted standard deviation.

Hedge’s g = (M1-M2)/SD*pooled

Identification: Literature
search and abstract screening
through database search
(n=302)

Duplicates removed (n=0)

A4

Screening: Records screened
(n=302)

v

Eligibility: Full-text articles
assessed for eligibility (n=79)

Records removed based on
the abstract (n=223): not sleep
deprivation study (n=65);
Case reports (n=16); Reviews
(n=28); Subject with medical
disorder (n=21); subjects
younger than 18 years (n=15);
no eye tracking devices used
(n=78)

A4

Included: Final studies
included (n=25)
Reported 58 eye tracking
metrics (31 unique) and 674
participants in total

A 4

Records removed based on
eligibility (n=54): Partial
sleep deprivation (n=3);
Different coordinates reported
(n=21); No pre post study
(n=8); No eye tracking
metrics captured (n=22)

Figure 4.1. Paper inclusion process flow chart

1)
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Table 4.1. Random effect model of the studies

## Study SMD 95%-CI %W(random)
## Ahlstrom et al. (2013) 0.5659 [ 0.5519; 0.5799] 7.2
## Barbato et al. (1995) 1.0505 [-7.2650; 9.3659] 0.0
## Bocca & Denise (2006) 0.4386 [-1.3557; 2.2329] 0.5
## Caffier et al. (2005) 0.5697 [-0.2322; 1.3716] 2.1
## Crevits et al. (2003) 0.7186 [ 0.4619; 0.9752] 5.8
## De Gennaro et al. (2000) ©.0221 [-3.6389; 3.6830] 0.1
## Ferrara et al. (2000) 0.3966 [-0.4135; 1.2067] 2.1
## Fransson et al. (2008) 0.1526 [-0.0899; 0.3951] 5.9
## Franzen et al. (2009) 0.2222 [ 0.2218; 0.2225] 7.2
## HSkkSnen et al. (1999) 1.1225 [ 0.0069; 2.2382] 1.3
## Heaton et al. (2014) 0.8101 [ 0.7744; 0.8459] 7.2
## Ingre et al. (2006) 0.6565 [ ©0.3590; 0.9540] 5.4
## Jin et al. (1991) 0.0413 [-0.0577; 0.1404] 7.0
## Kurylyak et al. (2006) 0.4990 [-1.4609; 2.4590] 0.5
## Marshall (2007) 0.9932 [ 0.9753; 1.0111] 7.2
## Miles et al. (1931) 0.0050 [-0.6524; 0.6624] 2.7
## Porcu et al. (1998) 0.0221 [-5.5943; 5.6384] 0.1
## Rowland et al. (2005) 0.1526 [ 0.0109; 0.2943] 6.7
## Russo et al. (2003) 0.0605 [ 0.0472; 0.0737] 7.2
## Schleicher et al. (2008) 0.0960 [ ©.0871; 0.1049] 7.2
## Shiferaw et al. (2018) 0.7054 [-1.5224; 2.9333] 0.4
## Tong et al. (2014) 0.0199 [-0.0005; 0.0403] 7.2
## Wilhelm et al. (1998) 0.2634 [ 0.0841; 0.4428] 6.4
## Yang et al. (2012) ©.7362 [-0.4861; 1.9585] 1.1
## Zils et al. (2005) 0.7456 [-0.2159; 1.7072] 1.6
#H#

## Number of studies combined: k = 25

#H#

#H# SMD 95%-CI t p-value
## Random effects model ©.3771 [ ©.2379; ©.5163] 5.59 < 0.0001
## Prediction interval [-9.1835; ©.9378]

##

## Quantifying heterogeneity:

## tau”2 = 0.0689 [0.0349; 0.1353]; tau = 0.2625 [0.1869; ©.3679]
## 172 = 99.8%; H = 22.59 [21.69; 23.53]

#H#

#H#

## Details on meta-analytical method:

## - Inverse variance method

## - Sidik-Jonkman estimator for tau”2

## - Q-profile method for confidence interval of tau”2 and tau

## - Hartung-Knapp adjustment for random effects model

Table 4.1 shows the random effect model of the studies. The effect size in this
dataset is based on continuous outcome data. In the result, we can see the individual
effect size and the weight of the studies. The total number of studies included is denoted

as (k). The overall effect size in our case is g=0.3771 and its confidence interval is



0.2379; 0.5163. The p-value is < 0.0001. The lower bound of the 95% confidence
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interval for 12 (heterogeneity) is 0.2379. The random effect model shows that the study is

considerable heterogeneity as the 12 is 99.8%. Below is the forest plot (Figure 4.2) which

shows the effect size according to the studies and where SMD is positive for all the

studies.
Standardised Mean
Study TE seTE Difference SMD a5%-CI
Ahlstrom et al. (2013}  0.57 0.0071 [ 0.57 [0.55; 0.58]
Barbato et al. (1895) 1.05 4.2426 ;. 1.05 [-7.26; 9.37]
Bocca & Denise (2006) 044 0.9155 —p— 0.44 [-1.36; 2.23]
Caffier et al. (2005) 057 0.4092 +- 0.57 [-0.23; 1.37]
Crevits et al. (2003) 0.72 0.1309 _ 0.72 [0.46; 0.98]
De Gennaro et al. (2000) 0.02 1.8679 i 0.02 [-3.64; 3.68]
Ferrara et al_ (2000) 040 04133 = 040 [-0.41;1.21]
Fransson et al. (2008) 015 01237 + 0.15 [-0.09; 0.40]
Franzen et al. (2009) 0.22 0.0002 ! 022 [022;0.22]
HSkkSnen et al. (1999) 1.12 0.5602 e 1.12 [0.01; 2.24]
Heaton et al. (2014) 0.81 0.0182 : 0.81 [0.77; 0.85]
Ingre et al. (2006) 066 0.1518 : 0.66 [0.36;0.95]
Jin et al. (1991) 0.04 0.0505 ) 0.04 [-0.06; 0.14]
Kurylyak et al. (2006)  0.50 1.0000 —— 0.50 [-1.46; 2.45]
Marshall (2007} 0.99 0.0091 I 0.99 [0.98;1.01]
Miles et al. (1931) 0.00 0.3354 = 0.00 [-0.65; 0.66]
Porcu et al. (1998) 0.02 2.8655 I 0.02 [-5.59; 5.64]
Rowland et al. (2005) 015 0.0723 o 0.15 [0.01; 0.29]
Russo et al. (2003) 0.06 0.0068 ! 0.06 [0.05;0.07]
Schleicher et al. (2008) 010 0.0046 : 010 [0.09;0.10]
Shiferaw et al. (2018)  0.71 1.1367 : 0.71 [-1.52; 2.93]
Tong et al. (2014) 0.02 0.0104 0.02 [0.00; 0.04]
Wilhelm et al. (1998) 0.26 0.0915 0.26 [0.08; 0.44]
Yang et al. (2012) 0.74 0.6236 0.74 [-0.49; 1.98]
Zils et al. (2005) 0.75 0.4906 075 [-0.22;1.71]

Random effects model
Prediction interval
Heterogeneity: I~ = 100%, == 0.0689, p =0

0.38 [0.24; 0.52]
[-0.18; 0.94]

-5 0 5

Figure 4.2. Forest plot of the studies

4.2.2. Pooling Effect Size of the Key Metrics. In the random effect model, we

Weight

7.2%
0.0%
0.5%
2.1%
5.8%
0.1%
2.1%
59%
7.2%
1.3%
7.2%
54%
7.0%
0.5%
7.2%
2.7%
0.1%
6.7%
7.2%
7.2%
0.4%
7.2%
6.4%
1.1%
1.6%

100.0%

want to account for our assumption that the studies show more variance than drawn from
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a single population. We found 31 unique metrics which are captured in different studies
but as the sample size is very small for these unique metrics, we categorized the metrics
and found 6 key metrics. We then averaged out the effect sizes and ran the random effect

model. Table 4.2 shows the result.

Table 4.2. Pooling effect size of the key metrics

## Metrics SMD 95%-CI %W(random)

## Blink 0.0413 [-1.1809; 1.2636] 1.3

## Fixation 0.1377 [-9.5864; 0.8618] 3.4

## Gaze 0.0169 [-0.2718; 0.3056] 15.3

## Pupil Size 0.0605 [ 0.0156; 0.1054] 42.2

## Saccade 0.0050 [-2.1411; 2.1511] 0.4

## Smooth Pursuit ©0.3696 [ 0.2798; 0.4594] 37.3

H#it

## Number of studies combined: k = 6

#it

H## SMD 95%-CI t p-value
## Random effects model ©0.1714 [-0.0063; ©.3491] 2.48 ©.0559
## Prediction interval [-©.1834; 0.5262]

it

## Quantifying heterogeneity:
## tau”2 = 0.0116 [0.0028; 0.0876]; tau = 0.1075 [0.0526; 0.2961]
## I72 = 86.5% [72.7%; 93.3%]; H = 2.72 [1.91; 3.86]

#it

## Test of heterogeneity:
#i Q d.f. p-value
## 36.93 5 < 0.0001
##

## Details on meta-analytical method:

## - Inverse variance method

## - Sidik-Jonkman estimator for tau”2

## - Q-profile method for confidence interval of tau”2 and tau
## - Hartung-Knapp adjustment for random effects model

For the random effect model meta-analysis, there are some parameters we
included which are between-study-variance estimator (%), and Knapp-Hartung(-Sidik-

Jonkman) adjustment. We used the Sidik-Jonkman estimator (*SJ") and the HKSJ
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method to get the effect size of the metrics. The output shows that our estimated effect is

g = 0.17 and the 95% confidence interval stretches from g = 0063 to 0.3491.

Heterogeneity is 1> = 86% which means even though there is high heterogeneity, there is

a true effect behind our data.

We compared the output using the DerSimonian-Laird estimator and with the

setting hakn = FALSE. As this estimator is the default, we do not have to define

method.tau. We saw that the overall effect size is the same as the previous one.

Standardised Mean

SMD 95%—Cl Weight

0.04 [-1.18;126] 13%
0.14 [-059;0.86] 34%
0.02 [-0.27;0.31] 15.3%
0.06 [0.02;011] 422%

Study TE seTE
Blink 0.04 06236
Fixation 0.14 0.3695
Gaze 0.02 0.1473
Pupil Size 0.06 0.0229
Saccade 0.00 1.0950
Smooth Pursuit 0.37 0.0458

Random effects model
Prediction interval

0.00 [-214;215] 04%
0.37 [028;046] 37.3%

0.17 [-0.01; 0.35] 100.0%
[-0.18; 0.53]

Heterogensity: 12 = 6%, t°=0.0118, p = 0.01
-2

1 2

Figure 4.3. Forest plot of the key metrics

In the above forest plot (Figure 4.3), we see the function plotted with a diamond

that is the overall effect and its confidence interval as the prediction interval is the red

line. The layout is created as a forest plot according to the guidelines of the Journal of the

American Medical Association as output.



37

5. DISCUSSION

This meta-analysis investigates and compares how the number of hours of sleep
deprivation correlates with sleepiness. In the study, we also found 6 key metrics which
are most effective to capture sleepiness. We also analyze the captured significant metrics
which are used to capture sleepiness in the selected studies and found 32 metrics, which
can be used for more in-depth analysis.

Sleepiness is regulated by three main factors: the circadian rhythm, time awake,
and prior sleep (Ahlstrom et al., 2013). The eye movements of an individual who is
awake can take one of three states: blink, saccade, and fixation. Researchers have utilized
6 key eye-tracking metrics to study sleep deprivation and these metrics are discussed

below.

5.1. FIXATION

A gaze cluster constitutes a fixation when the eyes are locked toward an object. A
fixation is defined as “a relatively stable eye-in-head position within some threshold of
dispersion (~2 deg) over some minimum duration (200ms), and with a velocity threshold
of 15-100 degrees per second” (Jacob et al., 2003, p. 581).

Sleep deprivation and fixations are closely related. With sleep deprivation, the
corrective movement of a fixation becomes larger and less exact than in normal
conditions (Miles et al., 1931). Sleep deprivation also reduces the rate of fixations,
increases the spatial dispersion of fixations, and increases the randomness of patterns of

transitions between fixations (Shiferaw et al., 2018). The fixation rate decreases with
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sleep deprivation due to a decline in the amount of information sampled when one is
sleepy or drowsy (Miles et al., 1931). Long fixation durations may indicate difficulties
extracting or processing information from a display element, which takes place when one

is sleepy (Fitts et al., 1950; Goldberg et al., 1999).

5.2. GAZE

A gaze refers to a grouping of fixations within a single area of interest. Its
associated measures include the number of fixations within a single gaze, the total
number of gazes, the frequency of a gaze, and the duration of a gaze, as well as the mean
and statistics of those measures (Hendrickson, 1989). A large number of fixations around
a gaze point signify instability of the eyes in positioning the gaze. This instability can be
observed in sleep-deprived individuals due to their inability to concentrate or focus on a
display point or element (Heaton et al., 2014; Miles et al., 1931, Shiferaw et al., 2018;

Tong et al., 2014).

5.3. SMOOTH PURSUIT

Smooth pursuit eye movements refer to the movements of the eye to follow a
moving target. Smooth pursuit velocity gain refers to the ratio between the eye velocity
and the target velocity during smooth pursuit, and the smooth pursuit phase refers to the
distance between the gaze and the target (Ahlstrom et al., 2013). Sleep deprivation
degrades the moment-to-moment synchronization between the gaze and the target
(Ahlstrom et al., 2013; De Gennaro et al., 2000; Ferrara et al., 2000; Fransson et al.,

2008; Porcu et al., 1998; Tong et al., 2014), and causes lapses in gaze-target
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synchronization sensitivity with increased attention loss (Heaton et al., 2014). Franssen et
al. (2008) found that as the length of sleep deprivation increases, only smooth pursuit

velocity gain continues to degrade as compared to other metrics.

5.4. SACCADE

A saccade is a rapid eye movement from one fixation to another. The
characteristic feature of a saccade is that the movement is not smooth but is organized in
distinct jumps. These jumps are rapid, and their endpoint cannot be changed once the
saccade is initiated.

Several metrics associated with saccadic eye movements that can be triggered by
sleep deprivation include saccadic latency (i.e., the delay before the onset of a saccade),
saccadic accuracy (i.e., the ratio of the amplitude of the saccade and the amplitude of the
target), saccadic amplitude (i.e., the angular distance the eye travels during the saccade),
and saccadic peak velocity (i.e., highest velocity in the saccade) (Zils et al., 2005). These
metrics are affected by the slowing of neural responsiveness and metabolism due to sleep
deprivation. Sleep deprivation generally leads to increased saccadic latency, decreased
saccadic accuracy, increased saccadic amplitude and curvature, and decreased saccadic
peak velocity (Ahlstrom et al., 2013; Bocca & Denise, 2006; De Gennaro et al., 2000;
Ferrara et al., 2000; Fransson et al., 2008; Marshall 2007; Miles et al., 1931, Pilcher &
Huffcutt, 1996; Rowland et al., 2005; Russo et al., 2003; Tong et al., 2014; Zils et al.,

2005).
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5.5. BLINK

Blink frequency (or rate) is the number of times a person blinks in a minute, and
blink duration is the complete time from when the eyelid starts moving down until it is
fully up again. With sleep deprivation, blinks become relatively slower for the same
amplitude. Normal blink frequency is on the order of 9 to 13 per minute in the daytime,
which is increased to 20 to 30 per minute under sleep deprivation (Caffier et al., 2005;
Russo et al., 2003)

Blink duration and blink frequency are often used in sleep-related studies
(Barbato et al., 1995; Bills, 1931; Crevits et al., 2003; Hakkanen et al., 1999; Ingre et al.,
2006; Jin et al., 2013; Kurylyak et al., 2011; Marshall, 2007; Schleicher et al., 2008;
Shiferaw et al., 2018). We generally blink more frequently and at a slower speed when
we are sleepy (Stern, 1990; Stern, 1984). Lapses due to sleepiness can increase errors and
variability in cognitive performance (Doran et al., 2001) A relation between subjective
sleepiness measured using the KSS, objective indicators of sleepiness based on blinks,
and driving performance has been demonstrated (Ingre et al., 2006). With higher KSS
levels, the standard deviation of the lateral position is increased, and eye blinks are longer
in duration. Blink duration increases with sleep loss as found in several field studies on
driving (Kurylyaket al., 2011; Mitler et al., 1997) and in driving simulators (Anderson et
al., 2010; Caffier et al., 2005; Schleicher et al., 2008; Wierwille & Ellsworth, 1994).
Sleepiness can also be assessed by the duration of eye closure (PERCLQOS), which refers
to the proportion of the time the eyes are closed (i.e., typically assessed as between 80%

to 100% closed) (Jin et al., 2013; Yang et al., 2012).
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5.6. PUPIL SIZE

Pupil size is the aperture in an optical system of a human eye. The normal pupil
size varies from 2 to 4 mm in diameter in bright light and 4 to 8 mm in the dark. The
deeper the sleep, the more the pupil constricts. Pupil diameter is influenced by the arousal
system and is a sensitive indicator of sleepiness (Wilhelm et al., 1998).

Pupil diameter changes are a manifestation and representation of sleep deprivation
(Franzen et al., 2009; Marshall. 2007; Wilhelm et al., 1998). Pupil changes in size and
other pupillometry metrics can be used to deduce changes in cognitive processing (Ellis,
2009). Using an individual’s pupil diameter as a baseline, relative changes in pupil size
can be a consequence of sleepiness or sleep deprivation. The latency of pupil
constrictions increases with sleep deprivation or drowsiness due to reduced neural

responsiveness (Rowland et al., 2005; Russo et al., 2003).
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6. LIMITATIONS AND FUTURE RESEARCH

There are several limitations in this meta-analysis, which can be addressed in
future research.

Firstly, we could analyze the studies based on task performances, such as
computer-based task performance and field-based task performance. However, more
studies are needed to do so. Different types of measures such as motor, cognitive and
facial expressions, and mood can also be included to arrive at more comprehensive
results.

Secondly, we can modify the research study based on the devices used in the
studies. As in this study, we did not consider device specification. Different devices use
different methods to capture different psychological indicators. Researchers need to
explore which devices are more capable of capturing more accurate data and have a long
list of supporting metrics. Researchers also can include EEG captured data in
combination with eye-tracking data. So, a more in-depth analysis can be done.

Thirdly, the type of sleep deprivation and comparisons between the captured data
can also be considered for eye-tracking metric identifications. There are three types of
sleep deprivation: short-term, long-term, and partial. Although there are few papers
available in these categories, a new study design can be planned to capture data
associated with these 3 categories. Researchers can plan this study in a laboratory setting
by using some computer-based tasks.

Lastly, the measurement for assessing the sleepiness of users in a computer-based

environment can be captured. Researchers can analyze the relationship between
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sleepiness and performance based on task accuracy and response/completion time. We
hope that future research will contribute toward the body of research to better explain and
understand the relationships between eye-tracking and performance metrics and the
underlying mechanisms of sleepiness. Performance metrics such as lapses (i.e., response
time > 500 milliseconds) and error types in task completion can also be assessed to
determine whether they are appropriate for detecting sleepiness. It will offer useful
guidelines to detect sleepiness in the computer-based workplace environment and help

enhance workplace productivity and quality of work.
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7. CONCLUSION

In this thesis, we carried out a meta-analysis for synthesizing quantitative results
of different studies. For the study, we set some criteria to include the papers for analysis,
and based on those criteria, we found 25 papers and 58 metrics to analyze. The initial
criteria for inclusion were that: (i) studies should be based on eye-tracking metrics, (ii)
there should be pre-study and post-study measurements, and (iii) data should be captured
when subjects were alert and when the subjects were sleep-deprived.

This research study is mainly focused on finding the most significant eye metrics
which can be used to detect sleepiness. These metrics can be identified based on different
task performance. We focused that how these metrics differ from an alert state to a sleep-
deprived state. We also checked in the studies that the participants have good vision and
did not have any sleep-related issues and were not on medication due to sleep problems.
We included those studies that meet the above criterion for the meta-analysis.

As a result of this research study, we found that 6 key categories of eye-tracking
metrics have been used to assess sleepiness. Even though it is possible to bifurcate those
6 key categories of metrics and break them down for more in-depth analysis, the sample
size is very small and some of the metrics were captured in only one study. Hence, we are
unable to run the random effect model. The random effect model works under the
assumption of exchangeability. This means that in random-effects model meta-analyses,
we can draw the conclusion that not only individual study effects deviate from the true
intervention effect due to sampling error, but there is also another source of variance

introduced because the studies were drawn from a "universe" of the population rather
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than a single sample. In our meta-analysis, we can see that the heterogeneity between the
studies is quite high but between the metrics, the heterogeneity is better, which means
there is a true effect in our data.

This study shows the relationship between sleepiness and psychophysiological
indicators of oculometries. Based on the meta-analysis results that identify parameters
that demonstrate 6 key categories of metrics that have a strong correlation to sleepiness,
this study can be expanded to differentiate general cognitive overload fatigue, that is,
non-differentiated or non-categorized from the cause of sleepiness to that induced from
severe sleep-deprivation. This can potentially establish sleepiness as a single spectrum or
multiple wide spectra from fundamentally different causes (sleep-deprived or cognitive or
physical overload).

There are several practical implications. Some of the practical scenarios for
application are as follows:

e Detect severe sleepiness to provide proactive real-time warnings to forestall critical
errors in human-computer interactions.

e Evaluate mental fitness of working personnel for certain job tasks before the start of
the shift that involves critical tasks needing sustained mental attention.

e Decide whether to advocate for complete sleep rest or smaller micro-breaks and
recommend the frequency of these micro-breaks based on the nature and degree of
fatigue.

e Detection of sleepiness of the drivers and alert them to avoid serious road accidents.
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