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Abstract

Background

Cognitive fatigue is a complex psychobiological state whereby task performance cannot be
maintained. Return-to-work protocols typically rely on self-report measures, therefore the
current systematic review aimed to identify ‘real-time’ measures of objective cognitive fatigue

to inform return-to-work protocols.

Methods

Studies were included if participants were at least 18 years old, assessed ‘real-time’ objective
cognitive fatigue that could be used outside of the lab (neuroimaging measures were, therefore,
excluded), used an induction task that was separate to the measurement, were adequately
powered, compared objective cognitive fatigue at baseline and post-induction, and included a
cognitive fatigue induction task that was at least 30 minutes long.

Nine electronic databases were searched until December 31, 2022 (MEDLINE; PsychArticle;

PubMED, ProQuest; ProQuest for grey literature; Google Scholar; The Cochrane Library; The
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Health Technology Assessment Database; and Web of Science), with alerts set up on Google
Scholar to notify of new relevant research since this date (reviewed until December 2023).

The checklist for quasi-experimental studies (Joanna Briggs Institute, 2014) was used to assess
risk of bias. Whilst a meta-analysis was planned, the data were unsuitable so only a narrative

synthesis was conducted.

Results

Fifty-seven studies were included, which were conducted within a variety of settings including
naturalistic work scenarios, driving, aviation, and artificial computer-based tasks.

Whilst the review found a range of potential measurements, there were inconsistencies in
findings across studies highlighting the need for more research into the reliable measurement

of objective cognitive fatigue in natural settings.

Discussion

The findings suggest that eye- and body-related measures may be sensitive measures of
objective cognitive fatigue. However, comparisons across measurement types should be
cautiously interpreted because eye-related and cognitive measures were far more common. The
review highlighted the need for more consistent and transparent reporting across the field to

advance our understanding of cognitive fatigue.

Keywords: Cognitive Fatigue, Mental Fatigue, Return To Work, Return To Meaningful

Occupation, Return To Activity



Introduction

Cognitive fatigue is commonly described as a psychobiological state in which task
performance cannot be maintained due to a decrease in available cognitive resources (Borragan
et al., 2017). This can be attributed to an inability to allocate resources effectively (Proost et
al., 2022) and/or reduced motivation to redistribute efforts (Herlambang et al., 2021), enabling
categorisation into ‘objective’ (biological) fatigue (cognitive resources are low, but motivation
is unaffected) and ‘subjective’ (psychological) fatigue (cognitive resources are adequate, but
motivation is low; Benoit et al., 2017).

Cognitive fatigue is a common experience (Walker et al., 2019) that is often ‘recovered’
in a neurotypical person following sufficient rest (Mizuno et al., 2011). However, without
adequate rest cognitive fatigue can hamper task completion (Walker et al., 2019) and work
pattern maintenance (Hiploylee et al., 2017; Losoi et al., 2016) due to reduced attention and
alertness (Mufoz-de-Escalona et al., 2020). Cognitive fatigue increases accident/injury risk
(Proost et al., 2022), and can be deemed pathological when it prevents the completion of daily
tasks (Ronnbiack & Johansson, 2022).

Cognitive fatigue accompanies many illnesses and long-term conditions (Dantzer et al.,
2014), and is commonly associated with brain injury and stroke (Johansson & Rénnbéck, 2012;
Norrie et al., 2010). The potential impact on activities of daily living and workplace safety
makes accurate measurement of cognitive fatigue important (Guo et al., 2016), especially in
those with identified difficulties allocating (reduced) cognitive resources such as brain injury
or stroke populations, who may also have less insight into their cognitive fatigue (Ramage et
al., 2019), or be less able to answer self-report measures accurately, exacerbating potential
risks (Ramage et al., 2019; Ricci et al., 2007).

Whilst clinicians involved in return-to-work protocols are often reliant on self-report

measures (Benoit et al., 2017; NICE, 2021), there can be discrepancies between self-report and



objective ability to perform tasks (Ricci et al., 2007). For example, responses to self-report
measures of fatigue typically suggest that respondents are less fatigued than objective measures
would indicate. This discrepancy has the potential to cause distress and/or danger for
individuals who may lack insight into the extent of their cognitive fatigue and its impact upon
performance (Ricci et al., 2007). Additionally, self-report responses within return-to-work
protocols may be called into question if there are incentives to remain out of employment.
Moreover, there is often conflation between self-report measures of physical and cognitive
fatigue. Physical fatigue, as with cognitive fatigue, is often assessed through self-report
questionnaires in return-to-work contexts. Many of these measures include items addressing
both physical and cognitive fatigue, often combining them into an overall total while
acknowledging a multidimensional understanding of fatigue. This overlap emphasises the
importance of establishing cognitive fatigue as a standalone indicator of the need for reasonable
adjustments in the workplace. Fatigue management recommendations for return to work
should, therefore, incorporate objective monitoring of cognitive fatigue (Dawson et al., 2011;
Hopstaken, 2016).

This systematic review aims to identify ‘real-time’ measures of objective cognitive
fatigue that are applicable in ‘real-life’ settings, focusing on measures that could inform return-
to-work protocols following brain injury or stroke. This would enable individuals to monitor
their own performance (Guo et al., 2016), increasing agency over their return to activity. In
contexts such as operating machinery, driving and healthcare-related decision-making
(Dawson & Fletcher, 2001; Guo et al., 2016), this takes on additional importance. There are
two key objectives for the review:

1. Identify ‘real-time’ objective measures of cognitive fatigue that do not require a
laboratory setting or expensive equipment

2. Assess the reliability and validity of these measures



Systematic Review Methods

This systematic review is registered on the PROSPERO database (CRD42022323292)
and was conducted according to the Cochrane Handbook for Systematic Reviews (Higgins et
al., 2019) and the Preferred Reporting for Systematic Reviews and Meta-Analyses (PRISMA)

guidelines (Moher et al., 2010).

Information Sources and Search Strategy

Nine electronic databases were searched until December 31, 2022 (MEDLINE;
PsychArticle; PubMED, ProQuest; ProQuest for grey literature; Google Scholar; The Cochrane
Library; The Health Technology Assessment Database; and Web of Science), with alerts set
up on Google Scholar to notify of new relevant research since this date (reviewed until
December 2023). The reference sections of eligible articles were hand-searched for further
relevant records. To maximise search results, the keywords used for all database searches were
kept broad: "Mental fatigue" OR "cognitive fatigue" OR "mental exertion" OR "cognitive

exertion" OR "cognitive load" AND "objective" AND "measure".

Eligibility Criteria and Study Selection
The PICOTS framework (e.g., Riva et al., 2012) specified the following, a priori,

criteria:
e Population: Participants at least 18 years of age.
e Intervention: Studies assessing ‘real-time’ objective cognitive fatigue using an
induction task that was separate to the measurement to avoid the confound of the

measure itself cognitively fatiguing participants. As one objective is to assess the



measures’ reliability/validity, a further eligibility criterion was that studies should be
powered to at least .80 power, so case studies and pilot studies were excluded.

e Comparator: Comparison between objective cognitive fatigue level at baseline and
post-induction.

e Outcome: The primary outcome should be the analysis of difference between objective
measures of cognitive fatigue pre- and post- fatigue induction. A secondary outcome
should be subjective cognitive fatigue measurement pre- and post- fatigue induction.
Neuroimaging measures were excluded due to their limited applicability in ‘real-world’
settings.

e Time: The duration of the cognitive fatigue induction task had to be a minimum of 30
minutes (Borragan et al., 2017; Holgado et al., 2020; Tanaka, 2015). If the duration was
unclear or not reported then the study was excluded.

e Setting: The measures should be practical within a naturalistic setting.

The initial literature search results were compiled in Microsoft Excel and duplicates
removed. Two authors (KS, AD) independently screened the titles and abstracts for the
following criteria (disagreements resolved by a third author; AC):

1. The publication was written in English
2. Objective measures of cognitive fatigue in humans were used
3. Original primary data was collected (review/theoretical articles and analyses of

secondary data were excluded)

The same two authors then independently screened the full text of the eligible articles

identified against the following criteria (disagreements resolved by the third author):



1. There was primary data for ‘real-time’ objective cognitive fatigue in humans (i.e.,
objective cognitive fatigue was induced during the study).

2. The study was a full empirical study, and not a case study, pilot study or proof of
concept study.

3. The task used to induce cognitive fatigue was independent of the measurement of
objective cognitive fatigue.

4. If objective cognitive fatigue was measured using neuroimaging there was at least one
other objective measure utilised.

5. The induction task was at least 30 minutes long.

Given the aim of identifying a reliable objective measure of cognitive fatigue, the
following additional criterion was applied as the initial search and primary screening indicated
inconsistencies of findings:

6. Studies included more than one objective measure of cognitive fatigue, enabling an

assessment of reliability.

The PRISMA flow diagram (based on Page et al., 2021) in Figure 1 gives the results of

the screenings: 97 studies were included.



Figure 1

PRISMA flow diagram detailing the results of the screening protocols

[ Identification of studies via databases and registers ]
Records identified from databases: n =23, 549 )
Google Scholar: n = 11,109 —> Duplicate records removed before screening: n = 4,493
g Web of Science: n = 4092
'g' ProQuest: n = 6796 plus 552 from grey literature
é The Cochrane Library: n = 652
E= PsychArticle: n = 121
5 PubMed: n =116
E Scopus: n =83
Health Technology Assessment Database: n = 28
Records screened: n=19,056 —» | Records excluded: n = 17,189
g
= Reports not retrieved: n = 46
& Duplicate: n= 36
5 Reports sought for retrieval: n = 1,867 Not English: n =10
wn
T - Reports excluded based on exclusion criteria: n =1724
Reports assessed for eligibility: n = 1,821 p 3 : :
L ) No access to paper (despite emails to authors): n =208

No primary data for objective cognitive fatigue: n = 527
A case study/pilot study/proof of concept: n = 55
Not separate task for inducing and measuring fatigue: n= 197
Objective measure is solely a neuroimaging technique: n =420
Task isn't 30 mins or more: n =116
No access to data: n =0
Studies included in review: n =97 Time on task unclear: n=107
Reliability/validity not assessed e.g., by multiple objective
measures: n =94

The references of all eligible articles were hand searched for further eligible articles,
adding 23 articles. The references of these 23 articles were hand searched, adding 2 more. No
further studies were added from hand searching these 2 articles. A total of 122 journal articles

were eligible for extraction.



Data Extraction
Two authors (AD, KS) extracted the following information from each eligible study:

method and duration of cognitive fatigue induction; objective measures used to assess cognitive
fatigue; descriptive and inferential statistics comparing cognitive fatigue pre- and post-
induction; study title; authors; year published; number and characteristics of participants; study
design; aims and hypotheses; conclusion; reported strengths and limitations.

Two articles were excluded during extraction for being duplicates, 44 for not meeting
the eligibility requirements/not having a baseline comparison/providing incomplete
data/analysis, and one for including participants under 18. Thus, risk of bias was assessed for

79 studies within 75 articles.

Risk of Bias
The checklist for quasi-experimental studies (Joanna Briggs Institute, 2014) was

selected as an appropriate risk of bias tool. Two of its nine criteria (‘were outcomes measured
in a reliable way?’ and ‘was appropriate statistical analysis used?’) were given higher
weighting due to the review’s aims. However, few studies reported a priori power analyses,
making the latter question difficult to assess. To avoid excluding the majority of studies,
rudimentary ‘a priori’ power analyses were conducted using G Power (Faul et al., 2007) to
provide an indication as to whether studies were adequately powered. Whilst this approach
may miss some nuances within the designs, it was adopted given the lack of information within
most of the articles around power, design and the provided statistics. As the literature typically
suggests a large effect size (Borragén et al., 2017; O’Keeffe et al., 2020), these power analyses
were calculated based on a large effect size (.80) for .80 power with an alpha level of .05 (see
Table 1). For the power analyses that required estimation of the correlation between repeated

measures variables a moderate positive correlation estimate of .60 was used. Studies were rated



as not meeting the ‘appropriate statistical analysis’ criterion if they were considered

underpowered.

Table 1
The minimum sample estimates for the most commonly used statistical test based on simulated

a priori power analyses within GPower

Statistical test Minimum sample size suggested
t test 15
one way ANOVA (3 levels) 10
2x2ANOVA 12
2x2x2ANOVA 16

Twenty-three studies were judged to be underpowered and were removed from the
narrative synthesis. Thus, 57 studies were included within the narrative synthesis from 52

journal articles.

Data synthesis
The narrative synthesis encompassed two aspects; sample characteristics and study

characteristics (with induction task and measures considered separately).

Sample characteristics

Fifteen studies did not specify their population. Sixteen recruited students (three
required participants to be drivers, one recruited participants with dysphoria and one recruited
only males), two recruited pilots/aviators, two recruited truck drivers, one recruited amateur
boxers who were non-smokers, one recruited experienced table tennis players, one recruited
badminton players, and one recruited construction equipment operators. Three studies only

specified that participants had driving experience; an additional three studies required the



drivers to be male, with one of these also stipulating right-handedness. One study required
participants to be male non-smokers; two only recruited non-smokers (one of which required
completion of at least one sudoku puzzle a month). Four studies included participants with a
health condition (head injury in two studies, Multiple Sclerosis and/or stroke in two studies),
and one required participants to be sleep-deprived. Two studies required a group of ‘young’
participants and a group of ‘older’ participants, and one study required participants to be right-
handed adults.

Nine studies used a male-only population (of these, one recruited graduate students,
one recruited non-smokers and one recruited right-handed drivers). Eight studies did not report
participants’ sex or gender. Across the studies the mean number of males was 16.0 (SD =9.3)
and the mean number of females was 13.2 (SD = 14.3). The average age of all participants was
27.1 years old with an SD of 6.8, ranging between 18 and 91 years old.

The average sample size across the studies was 27.3 (SD = 15.8), ranging from 10 to
82. Only four studies discussed prospective power analyses to justify their sample size. Table

2 summarises sample characteristics.



Table 2

A summary of the sample characteristics ordered by the year of publication

Study

Riemersma et al. (1978a)
Riemersma et al. (1978b)
Feyer et al. (1994)
Williamson et al. (1996)
Riese et al. (1999)
Lietal (2004)

LeDuc et al. (2005)

Liu & Wu (2009)

Pattyn et al. (2008)
Tanaka et al. (2009)
Claros-Salinas et al. (2010)
Massar et al. (2010)
Zhang & Yu (2010)
Mckinley et al. (2011)
Tanaka et al. (2011)

Jagannath & Balasubramanian (2014)

Gergelyfi et al., (2015)
Guo et al. (2015)
Hopstaken et al. (2015)
Korber et al. (2015)
Hopstaken et al. (2016)
Volker et al. (2016)
Zhao et al. (2017)

Balasubramanian & Bhardwaj (2018)

Guo et al. (2018)
Jonasson et al. (2018)
Maetal. (2018)

Otto et al. (2018)

Saito et al. (2018)

Wang et al. (2018)
Zargari et al. (2018)
Zhang et al. (2018)
Herlambang et al. (2019)
Smith et al. (2019)

Van Cutsem et al. (2019)
Ferreira Junior (2020)
Herlambang et al. (2021)
Wilson et al. (2020)
Chen et al. (2021)
Fortes et al. (2021)
Habay et al. (2021)

Population

University students
University students

Long distance truck drivers
Truck drivers

Closed head injury patients
Drivers

U.S. Army Apache aviators
Drivers

Students

Males

MS and Stroke patients
Students

N/A

N/A

N/A

Male drivers

Non-smokers who play sudoku
Undergraduate students
Dysphoric students

N/A

Students

Young & old clerical workers
University students

Male right-handed drivers
University students who drive
Acquired Brain Injury

Male drivers

Students

Male non-smokers

N/A

Young & elderly groups
Male graduate students
University students
Non-smokers

Badminton players

N/A

University students

Sleep deprived

Right-handed adults
Non-smoking amateur boxers

Experienced table tennis players

Sample
size
12

12
37
27
16
40
53
24
21
20
42
12
18
10
19
20
18
36
82
20
47
32

35
60
74
21
16

12
38
14
20
17
20
20
28
18
34
21

Gender/Sex

N/A
M=12.F=0
N/A

N/A
M=16,F=0
M=20,F=20
N/A
M=12,F=12
N/A
M=20,F=0
M=57,F=61
M=9,F=3
M=18,F=0
M=9,F=1
M=4,F=15
M=20,F=0
M=10,F=8
M=18,F=18
M=19,F=63
M=18,F=2
M=15F=32
M=15F=17
M=13,F=3
M=35F=0
M=30,F=30
M=31,F=43
M=21,F=0
M=5F=11
M=17,F=0
M=10,F=2
M=18,F=20
M=14,F=0
M=8§,F=12
M=11,F=6
M=10,F=10
M=10,F=10
M=17,F=11
M=16,F=2
M=19,F=15
M=13,F=8
M=7,F=4

Mean age
(range)
20

25
374

38.4

26

27.4 (18-30)
32

N/A (24-30)
N/A

20.6

40.9 (20-60)
22.2 (19-28)
23.1 (21-26)
29 (18-42)
436

23

25.72 (20-35)
20.3 (18-22)
21.1

233

20.5 (18-25)
43.11

24.7 (21-27)
22

23.25 (18-27)
419

40.1 (29-47)
24

33.8

28

40.5

23 (21-26)
24.95
21.4(18-27)
24

25.6 (18-35)
24.57

21.8

23.94 (22-29)
23.33

24



Hu & Lodewijks (2021a) Drivers 20 M=12,F=8 26.4 (19-37)
Hu & Lodewijks (2021b) N/A 40 M=24,F=16 26.2
Magnuson et al. (2021) N/A 20 M=8,F=12 21-31
Naeeri et al. (2021) Pilots 20 N/A N/A
Qinetal (2021) University students 11 M=8,F=3 22 (22-26)
Guillemin et al. (2022) MS patients 38 M=10,F=28 31.5
loannucci (2022a) N/A 48 M=24F=24 22.1
loannucci (2022b) N/A 14 M=1,F=13 213
loannucci (2022c) N/A 16 M=7,F=9 21.9
loannucci (2022d) N/A 24 N/A 21.6
Lampe & Deml (2022) N/A 35 M=21,F=14 32.1 (19-61)
Mehmood et al. (2022) Construction equipment 16 N/A 32.63
operators
Shi et al. (2022) Postgraduate students who drive 32 M=20,F=12 25.5
Sun et al. (2022) N/A 17 M=9,F=8 N/A (25-45)
Yu et al. (2022) N/A 35 M=16,F=19 26.4 (18-40)
Zhao et al. (2022) Student novice drivers 58 M=29,F=29 22.03 (20-30)

Study characteristics

Studies used various contexts. Four investigated naturalistic scenarios in participants’
work settings, 20 investigated driving, 6 investigated aviation (real or simulated), and 27
involved artificial computer-based tasks. The earliest study was published in 1978 and the most
recent in 2022 (median year = 2018). Only one study mentioned a likely paper-based task,
which was a reading comprehension task. All other tasks were explicitly computerised or
involved simulations, indicating a strong preference for digitised methods in these studies.
Most tasks were heavily based on vision, though there were a few tasks that were auditory in

nature.

Definitions of cognitive fatigue
Although not a specific objective of the systematic review itself, the definitions of
cognitive fatigue within the eligible studies were extracted. Of the 53 articles included, only

25 explicitly defined cognitive fatigue. Six of these defined a specific task-based aspect of



fatigue, such as ‘driver’ (four studies) or ‘pilot’ fatigue (two studies), tending to focus on
reductions in alertness and attention, and increased response times. Various terms relevant to
cognitive fatigue were used somewhat interchangeably within the literature including ‘mental
effort’ and ‘cognitive load’.

Some definitions alluded to an unwillingness to continue with a task (i.e., the
motivational aspect of cognitive fatigue) and focused on the subjective experience of
exhaustion accompanying a reduction in task performance. In these definitions, the focus was
on individuals being aware that they had a decreased capacity for the task. Other definitions
focused more on the objective, observable manifestations of cognitive fatigue such as the
reduction in the efficiency of mental processes (e.g., reduced attention, increased distractibility
and impaired information processing). Others still focused on psychophysiological changes
within cognitive fatigue and the relationship between the available mental resources and
arousal or motivation. Clearer distinctions between cognitive fatigue and visual fatigue would
allow for a better understanding of their relative impacts upon eye-related measures (Souchet

et al., 2022).

Cognitive Fatigue Induction Procedures

The cognitively fatiguing tasks ranged from 30 to 480 minutes (mean = 94.1, SD =
89.2, median = 60, mode = 60). There were four outliers (two studies had tasks for 240 minutes,
two had tasks for 480 minutes) within the otherwise negatively skewed data. Excluding these
outliers, most studies had a duration between 30 and 60 minutes (mean = 74.1, SD = 40.1,
median = 60, mode = 49.4). While 26 studies did not include a post-task measurement, most of
those that did report that the post-task assessment occurred immediately after the induction
tasks. For the remaining studies, although they did not explicitly state the timing, in the absence

of any mention of a delay it is assumed that the post-task measurement took place immediately.



Approximately half of the studies (29) incorporated a task specifically designed to
induce fatigue (including the Stroop task [3], number-based tasks [4], n-back task [12], switch
tasks [1], continuous performance tasks [2], the go no-go task [1], pattern recognition [1],
reading comprehension [1], video games or social media [1], and the cognitive vigilance task
[1] — note, two studies used several of these tasks) and then measured performance on another
task. The other half of the studies had participants undertaking one task continuously whilst
having at least one secondary task that either occurred concurrently or immediately after the
fatigue induction (see Table 3). These ‘prolonged’ tasks involved driving (19), aviation (six)

or workplace activities (three).



Table 3

A summary of the study characteristics, ordered by year of publication

Induction Differences from baseline measures
Citation Context/Setti  Task Time Objective measure Objective Subjective
ng (mins)
Riemersma et al. (1978a)  Driving Driving 480 Intermittent reporting task (report kms travelled), Colour changing task, HR Yes N/A
Riemersma et al. (1978b)  Driving Driving 48 HR frequency, HR variability, auditory choice reaction time task Unclear N/A
Feyer et al. (1994) Driving Driving 150 HR, episodic secondary task, critical flicker fusion freq., vigilance, unstable Yes (some measures) Unclear
tracking
Williamson et al. (1996) Driving Driving 149 vigilance, critical flicker fusion, unstable tracking, HR Yes (some measures) Yes
Riese et al. (1999) Driving Driving 50 Selective attention task, HR, BP, Priming and recognition task, Memory search Yes (some measures) Yes
simulator task, Dot counting task, Peripheral stimuli
Lietal (2004) Driving Driving 180 Vigilance (RTs), HR Variability, critical flicker fusion freq. Yes (some measures) Unclear
LeDuc et al. (2005) Aviation Helicopter flight 72 Pupil size, pupil constriction, latency, constriction amplitude, saccadic velocity Yes (some measures) Yes
Liu & Wu (2009) Driving Driving 60 Arithmetic task performance, Distance estimation task Yes (some measures) Yes
Simulator
Pattyn et al. (2008) Laboratory Cognitive vigilance 90 Respiratory inductive plethysmography (abdominal & ribcage excursions) Yes (some measures) Unclear
Tanaka et al. (2009) Laboratory n-back 30 Advanced Trail Making Task, HR Yes (some measures) N/A
Claros-Salinas et al. Laboratory Normal daily routine 60 Go no go task, Divided attention task, Simple reaction time task Yes (some measures) Yes
(2010)
Massar et al. (2010) Driving n-back 90 Driving performance, EEG, Auditory oddball task Yes (some measures) Yes
simulator
Zhang & Yu (2010) Laboratory Mental arithmetic task 120 EEG, HR Yes Yes
Mckinley et al. (2011) Aviation Unmanned aerial vehicle 30 Psychomotor visual, landing, PERCLOS, Approx. Entropy for pupil position Yes (some measures) N/A
target acquisition
Tanaka et al. (2011) Laboratory n-back 30 Advanced trail making test, ECG Yes (some measures) Yes
Jagannath & Driving Driving 60 Surface EMG, EEQG, seat interface pressure, BP, HR, oxygen saturation level Yes (some measures) Unclear
Balasubramanian (2014)  Simulator
Gergelyfi et al., (2015) Laboratory Sudoku 120 EEG, ECG-HR Variability, Pupil diameter, Eye blink, skin conductance response, ~ Yes (some measures) Yes
working memory task, Eye movements
Guo et al. (2015) Workplace/da ~ AX-CPT 60 Go no go task, EEG Yes (some measures) Yes
ily life
Hopstaken et al. (2015) Laboratory n-back 60 Pupil diameter, stimulus-evoked pupil dilation Yes Yes
Korber et al. (2015) Driving Driving 42.5 Vigilance, blink frequency, blink duration, pupil diameter, PERCLOS Yes (some measures) N/A
Simulator
Hopstaken et al. (2016) Laboratory n-back 90 Gaze position, Pupil diameter, EEG Yes (some measures) Yes
Volker et al. (2016) Workplace Clerical work 480 PVT, number of characters typed, typing errors, eye blinks, posture, observer rated ~ Yes (some measures) Yes

facial features



Zhao et al. (2017)

Balasubramanian &
Bhardwaj (2018)
Guo et al. (2018)

Jonasson et al. (2018)

Ma et al. (2018)
Otto et al. (2018)

Saito et al. (2018)
Wang et al. (2018)

Zargari et al. (2018)

Zhang et al. (2018)

Herlambang et al.
(2019)
Smith et al. (2019)

Van Cutsem et al. (2019)
Ferreira Junior (2020)

Herlambang et al.
(2021)
Wilson et al. (2020)

Chen et al. (2021)
Fortes et al. (2021)

Habay et al. (2021)
Hu & Lodewijks (2021a)

Hu & Lodewijks (2021b)
Magnuson et al. (2021)
Naeeri et al. (2021)

Qinetal (2021)
Guillemin et al. (2022)

Driving
Simulator
Driving
Simulator
Driving
Simulator
Laboratory

Driving
Simulator
Aviation
simulator
Laboratory
Driving
simulator
Laboratory

Laboratory
Laboratory

Laboratory

Laboratory
Laboratory
Laboratory
Flight

Simulator
Laboratory

Sport/laborato

ry
Laboratory

Driving
Simulator
Driving
Laboratory

Aviation
simulator
Aviation

Laboratory

Driving
Driving
Driving

Reading comprehension

Driving

Helicopter training
n-back

Driving

Pattern recognition

Switch task

Vowel counting in
pseudowords
AX-CPT, Stroop &
Psychomotor vigilance
Stroop

Stroop
Sudoku

Flying (take off, climb &
cruise phase)
n-back

Coaching video/social
media/video game
Stroop

Simulated driving
Simulated driving
n-back

flight simulator
Simulated flight
t-load d back

90

120

90

30

60

240

40
240

40

120
150

45

90
30
39

126

100

60
60

60
60
60

90
32

EEG, oddball task, ECG, blink frequency
EEG, ECG
Go no go task, EEG

Digit symbol coding, attentional blink test, computerized rest combining divided
attention and working memory simultaneously, digit span, symbol search, HR,
Stroop

EEG, Eye measures

n back, MRI

Simple colour reaction task, Stroop, Accelerated plethysmography

ECG, EEG

Blink duration, Blink frequency, saccade duration, Peak velocity of eye
movement, Pupil dilation range
EEG, HR Variability

Eye diameter, gaze positions, saccades, blinks, ECG

EEG, HR Variability, 3 min PVT

Visuomotor task, Flanker task, HR

HR Variability, Reaction time task

Pupil diameter, eyeblinks, gaze positions, saccades, HR Variability
HR Variability, photoplethysmogram

EEG, Suspension task 9some), Maths task (some)

Stroop, Boxing decision-making

Flanker task, EEG, ECG, Visuomotor performance

Pupil size, Vigilance (SDT), blinks, eye fixation, eye saccades

Pupil size, Vigilance (SDT), blinks, eye fixation, eye saccades
EEG, go/no go, object hit and avoid task, pegboard task

PVT, eye fixation number, eye fixation duration, mean pupil size, visual entropy

ECQG, Blink rate, Pupil diameter, vigilance, attacking

blinks, pupil diameter

Yes (some measures)

Yes (some measures)

Yes

Yes (some measures)

Yes (some measures)
Yes (some measures)

Yes (some measures)

Yes (some measures)

Yes (some measures)

Yes (some measures)

Yes (some measures)

Yes (some measures)
Yes (some measures)

Yes (some measures)

Yes (some measures)

Yes (some measures)

Unclear
Yes

Yes

Yes (some measures)



loannucci (2022a) Laboratory Auditory task (n-back, pitch- 41 Pupil size, EEG, Texture Discrimination Task Yes (some measures) Yes
sequence reproduction or a
switch task)

loannucci (2022b) Laboratory As above 41 Pupil size, Texture Discrimination Task Yes Yes
loannucci (2022¢) Laboratory As above 41 Pupil size, Texture Discrimination Task Yes N/A
loannucci (2022d) Laboratory As above 40 Texture Discrimination Task, fMRI Yes (some measures) Yes
Lampe & Deml (2022) Driving Driving 40 Eyelid distance, blink frequency, blink duration Yes (some measures) Yes
Mehmood et al. (2022) g’&lfl(l)lrukl;;gcre Excavation task 60 Facial features, EEG Yes (some measures) Yes
Shi et al. (2022) Driving Driving 90 HR Variability, pupillary light reflex Yes (some measures) Yes
Sun et al. (2022) %Klfr(r)lruklg)li[:cre CPT 120 HR Variability, flicker fusion frequency, blink frequency, electrodermal current, Yes (some measures) Yes
pupil diameter, EEG, SART
Yuetal (2022) Laboratory Go no go task 180 EEG, pupil diameter Yes (some measures) Unclear
Zhao et al. (2022) Driving Driving 60 Mobile phone call task, Pupil diameter, EEG Yes (some measures) N/A
simulator

CPT = Continuous Performance Test, HR = Heart Rate, PERCLOS = Percentage of eye closure, PVT = Psychomotor Vigilance Task, fMRI = functional magnetic resonance imaging, EEG = electroencephalogram,

SART = Sustained attention to response task, ECG = electrocardiogram



Objective measures

Many papers recorded task performance data for their cognitive fatigue induction task.
These results are not discussed, as these measures would not be suitable for measuring
objective cognitive fatigue in naturalistic settings, due to the confound of simultaneously

inducing cognitive fatigue.

A total of 191 objective measures of cognitive fatigue were reported across the 57
studies. Sixty-eight of these were only reported in one study, whilst the remaining 123 were
reported in at least two. Most could be categorised as either ‘physiological’ (100) or ‘response
time’ (50) measures (see Table 3). Eye-related measures (which assessed blinks, eye closures,
pupil size and saccades via an eye tracker) were the most frequently used ‘physiological’
measurements (44 studies), followed by EEG (23 studies) and heart rate (21 studies).
‘Response time’ tasks were measured in various ways (including n-back tasks, go no-go tasks,

the advanced trail making test, and number-based tasks).

Summary of findings
The full dataset was only available for seven studies, with four more providing data on

request. Typically, there was limited discussion of effect sizes (only 15 studies provided effect
sizes for all measures; three provided effect sizes for some measures), reliability (only seven
mentioned reliability, and rarely in relation to the reliability testing of the measures themselves)
or validity (only 11 mentioned validity, and rarely in relation to the validity testing of the
measures — three did mention cross validity and two mentioned ecological validity). This and
the lack of access to the data limited this review’s second objective (assessment of the
reliability and validity of the measures). The lack of reporting (and lack of clarity in reporting)
and the heterogeneity of the studies also meant that the planned meta-analysis was not

appropriate (Siddaway et al., 2019). As such only a narrative synthesis was conducted.



Riemersma et al. (1978b) was excluded from the narrative synthesis due to unclear
reporting of the inferential statistics. Of the remaining 55 studies, 14 evidenced cognitive
fatigue after their induction task (i.e., found statistically significant differences pre and post
cognitive fatigue induction) across all objective measures, 40 found evidence of cognitive
fatigue in at least one objective measure, and 1 found no evidence of objective cognitive
fatigue. Importantly, 13 studies did not report some of the measures (35.7% of these related to
cognitive tasks, 28.6% related to eye measurements and 7.1% related to other physiological
measures).

Eye-related measures and observations of the body (which measured facial features,
seat pressure or posture) demonstrated significant differences from baseline most frequently,
with neuroimaging and 'other' physiological measures demonstrating this least frequently (see
Table 4). This suggests that eye- and body-related measures may be more sensitive measures
of objective cognitive fatigue (though when the latter is measured by observations it is
important to note that these are susceptible to biases). However, comparisons across
measurement types should be cautiously interpreted because eye-related and cognitive
measures were far more common (for both there were 65 measures across the studies, compared
to two cardiovascular measures, 24 neuroimaging measures and seven ‘other’ physiological

measures).



Table 4

Analysis of Objective Measures: Frequency and Proportions of Statistically Significant Differences from Baseline

Measure Statistically significant differences  No statistically significant differences Some statistically significant differences Inferential test not reported
Eye-related measures 43 (66.2%) 10 (15.4%) 8 (12.3%) 4 (6.2%)

Observations of the body 3 (75.0%) 0 (0.0%) 1(25.0%) 0 (0.0%)

Neuroimaging 8 (33.3%) 3 (12.5%) 13 (54.2%) 0 (0.0%)

Cardiovascular (BP, HR) 12 (46.2%) 2(7.7%) 7 (26.9%) 5(19.2%)

Other physiological measures 2 (28.6%) 2 (28.6%) 2 (28.6%) 1 (14.3%)

Cognitive tasks 36 (54.5%) 16 (24.2%) 10 (15.2%) 4 (6.1%)

Note, observations of the body included facial features, seat pressure and posture, and ‘other’ physiological measures included EMG, electrodermal responses, oxygen saturation and plethysmography



Two types of neuroimaging were reported: EEG (22 measures) and fMRI (two
measures). These results are not considered here due to their current impracticality as ‘real-

world’ measures.

Eye-related measures

Eye-related measures typically focused on three areas; blinks or eye closures (23
measures), eye movements (i.e., saccades; 13 measures) and pupil diameter (including pupil
dilation/constriction, pupil size and reflex responses such as those elicited during critical flicker
fusion tasks; 29 measures). Typically, the findings demonstrated increased blink frequency and
duration, and a higher percentage of eye closure after cognitive fatigue induction or during
conditions with higher cognitive load (Gergelyfi et al., 2015; Guo et al., 2018; Guillemin et al.,
2022; Herlambang et al., 2019, 2020; Korber et al., 2015; Lampe & Deml, 2022; Qin et al.,
2021; Sun et al., 2022; Zargari et al., 2018; Zhao et al., 2017). However, Mckinley et al. (2011)
did not find significant changes in the percentage of eye closure after cognitive fatigue, and
Lampe & Deml (2022), Hu & Lodewijks (2021a) and Volker et al. (2016) did not find
significant differences in blink frequency (though Hu & Lodewijks did find an increase in blink
duration). Lampe & Deml (2022) found mixed results with some evidence for greater eyelid
distance and some for reduced eyelid distance.

The evidence regarding the effects of cognitive fatigue on pupil size is conflicting, with
some finding an increase in pupil diameter, peak dilation and constriction latency (Guillemin
et al., 2022; Hopstaken et al., 2015; LeDuc et al., 2005; Zargari et al., 2018), some finding a
decrease (Herlambang et al., 2020; Hu & Lodewijks, 2021a; Ioannucci, 2022a; Korber et al.,
2015; Ma et al., 2018; Naeeri et al., 2021; Sun et al., 2022), and some finding a decrease

followed by an increase (Herlambang et al., 2019). Whilst Qin et al. (2021) found no effect on



pupil diameter, and Gergelyfi et al., (2015) found that pupillometry remained constant despite
extrinsic reward availability, Hopstaken et al. (2016) found an initial decrease in pupil size that
increased after a reward manipulation.

In relation to eye movements, Naeeri et al. (2021) found an increase in entropy (i.e.,
variability in visual scanning patterns), but McKinley et al. (2011) found reduced entropy and
less irregularity in eye movements. Whilst some reported increased saccade frequency and
amplitude over time (Herlambang et al., 2019; Hu & Lodewijks, 2021a), others reported a
decrease (Herlambang et al., 2020). LeDuc et al. (2005) found decreased constriction amplitude
and saccadic velocity, and Zargari et al. (2018) found that saccade duration decreased.
Conversely, Hu & Lodewijks (2021a) found some evidence for increased saccade duration and
Naeeri et al. (2021) found lower eye fixation frequencies and longer durations during cognitive
fatigue. Hopstaken et al. (2016) also found a higher percentage of offscreen/missing gaze
position until a reward manipulation when this significantly reduced and gaze towards the task
increased. In addition, Herlambang et al. (2019, 2020) reported increased visual distraction
frequency and duration over time.

Other eye-related measured focused on light sensitivity. For example, Shi et al. (2022)
found changes in pupillary light reflex and acceleration characteristics over time, whereas
others found worse performance on critical flicker fusion sensitivity (Feyer et al., 1994; Sun et
al., 2022; Williamson et al., 1996), although Williamson et al. showed a linear increase in
sensitivity in one of their conditions.

Together, these studies highlight the complex, sometimes contradictory, relationship
between cognitive fatigue and eye-related measures. Differing durations of fatigue induction
between studies alone do not explain these variations. For return-to-work protocols, eye-related
measures offer non-intrusive real-time approaches to measuring cognitive fatigue that enable

participants to continue on-task, allowing for naturalistic data unaffected by the issues of self-



report. Such measures are also (as evidenced above) sensitive to even subtle changes in
cognitive fatigue. However, cognitive fatigue is a multifaceted phenomenon, which eye-related
measures alone will not fully capture. Additionally, factors such as lighting, task characteristics
and individual differences have the potential to confound eye-related measures, reducing their
reliability and validity. Furthermore, eye-related metrics may be sensitive to visual fatigue
rather than cognitive fatigue per se (Souchet et al., 2022). A further limitation on applicability
for return-to-work protocols is that such measures typically require the user to be static (e.g.,
at a computer or behind the wheel of a vehicle), although developments in eye tracking glasses

may widen their generalisability to other settings.

Observations of the body

Observations of the body were categorised into facial features (two measures), seat
pressure (one measure) and posture (one measure). Volker et al. (2016) found that observer-
rated facial fatigue increased, and posture sway decreased. Mehmood et al. (2022) found
changes within various facial features; decreases in eye aspect ratio and nose-to-chin ratio, and
increases in eye distance and eyebrow features, mouth aspect ratio, and mean values of face
area and head motion. There were no significant variations in nose-to-jaw ratio. Jagannath &
Balasubramanian (2014) found changes in bilateral pressure distribution on thigh and buttock
regions; overall mean contact area decreased with cognitive fatigue.

As with eye-related measures, measuring facial features can capture objective ‘real-
time’ cognitive fatigue relatively unobtrusively in naturalistic settings. However, there is
typically more subjectivity in the interpretation of facial expressions compared to eye-related
measures, and more issues related to cultural and individual differences, which can limit the

generalisability, reliability and validity of such measures. Facial features are also less linked to



underlying neural or physiological processing so may provide less useful insights compared to
eye-related measures. People may also suppress their facial expressions within professional
settings, limiting their accuracy. As with eye-related measures, the assessment of facial features

or seat pressure would require the user to be relatively static, limiting generalisability.

Cardiovascular measures

There were two types of cardiovascular measures: heart rate (24 studies) and blood
pressure (2 studies). Whilst Jagannath & Balasubramanian (2014) reported decreased systolic
and diastolic blood pressure during cognitive fatigue, Riese et al., (1999) found no differences.
Heart rate was considered in various ways; inter-beat variability, heart rate, and in terms of
low, mid or high frequency power (i.e., the distribution of heart rate variability across different
frequency bands — high frequency is typically associated with the parasympathetic nervous
system).

Whilst Wang et al. (2018) reported reduced heart rate variability during fatigue, most
studies found increased inter-beat interval times and variability (Gergelyfi et al., 2015;
Riemersma et al., 1978a; Feyer et al., 1994; Williamson et al., 1996; Zhang & Yu, 2010)
suggesting decreased alertness. These studies all used fatigue inductions of two hours or more.
Using shorter fatigue inductions (of fifty minutes or less), Riese et al. (1999) and Ferreira Junior
(2020) found no significant differences in variability, supported by Saito et al. (2018) who
suggested no substantial impact on the balance between sympathetic and parasympathetic
nervous system activities during a cognitive fatigue-inducing task.

Most studies found a decrease in high frequencies, typically associated with reduced
parasympathetic activity and, therefore, increased stress and dominance of the sympathetic
nervous system (i.e., Shi et al., 2022; Smith et al., 2019; Tanaka et al., 2009; Tanaka et al.,

2011; Zhang & Yu, 2010; Zhang et al., 2018). However, Balasubramanian & Bhardwaj (2018)



and Herlambang et al. (2020) found an increase, and Herlambang et al. (2019) found no
differences. Herlambang et al. (2019, 2020) observed an increase in midfrequency power over
time. No other studies reported any midfrequency power analyses. Most studies found
increased low frequency percentages during cognitive fatigue, indicating altered autonomic
activity (Qin et al., 2021; Shi et al., 2022; Smith et al., 2019; Tanaka et al., 2011; Zhang & Yu,
2010; Zhang et al., 2018), although Balasubramanian & Bhardwaj (2018) found decreasing
trends.

Whilst Balasubramanian & Bhardwaj (2018) found decreasing trends in the low: high
frequency ratio after a two-hour fatigue induction, and - with shorter fatigue inductions - Saito
et al. (2018), Smith et al. (2019) and Tanaka et al., (2009) found no differences, others observed
a linear increase in standard deviation of R—R intervals, and the low: high frequency ratio (Shi
etal., 2022; Qin et al., 2021; Zhang & Yu, 2010; Zhang et al., 2018). Additionally, Zhang and
Yu (2010) found that total power increased after cognitive fatigue, whereas Zhang et al. (2018)
found no significant changes.

Sun et al. (2022) and Van Cutsem et al. (2019) reported increased heart rate after
cognitive fatigue; others found a decrease (Jagannath & Balasubramanian, 2014; Wilson et al.,
2020; Habay et al., 2021; Li et al., 2004; Pattyn et al., 2008; Zhang & Yu, 2010; Zhang et al.,
2018).

Whilst heart rate and blood pressure can provide objective insights (in a non-invasive,
real-time manner) into the physiological responses to cognitive fatigue (particularly relating to
effects on the autonomic nervous system), they are also multifaceted constructs affected by
numerous other factors (e.g., stress, anxiety, physical activity; Tomitani et al., 2020; Torpy et
al., 2007; Trapp et al., 2014). This makes it difficult to attribute changes in either measure

directly to cognitive fatigue. They are also influenced by individual differences in terms of how



blood pressure and heart rate change in relation to different contexts including cognitive

fatigue.

‘Other’ physiological measures

Four types of physiological measures were categorised as ‘other’; plethysmography
(i.e., changes in blood volume; three studies), electrodermal activity (two studies),
electromyography (one study), and oxygen saturation (one study). No differences were
reported for oxygen saturation (Jagannath & Balasubramanian, 2014), respiratory parameters
or sympathetic tone (although there was some evidence for increased parasympathetic tone;
Pattyn et al., 2008). There were mixed results for skin conductance; Sun et al. (2022) found
increased electrodermal values after cognitive fatigue, while Gergelyfi et al. (2015) found no
significant differences despite the extrinsic rewards available, despite the same duration of

fatigue induction.

Whilst plethysmography, electrodermal activity and oxygen saturation (typically
measured by pulse oximetry) are relatively non-invasive techniques allowing real-time
monitoring, they too are influenced by other factors including individual differences.
Electromyography provides a direct measure of muscle activity to describe the impact of
cognitive fatigue on motor control, but this is specific to localised muscle fatigue rather than
cognitive fatigue per se. Additionally, the need for specific electrode placement makes it less
practical in real world contexts than some other physiological measures. As electromyography

is sensitive to interference from movement it is most useful for static participants.



Cognitive tasks

65 cognitive tasks were used to measure cognitive fatigue, the most common being
psychomotor vigilance (13 studies); the remaining measures were used in only one or two
studies making it difficult to extract themes. Most studies found that performance worsened
after cognitive fatigue induction (demonstrated by increased response times and/or error rates).
This was found in a distance estimation task (Liu and Wu 2009; Riemersa et al., 1978a), a
colour changing task (Riemersa et al. (1978a), a dot counting task (Riese et al., 1999), a
peripheral decision task (Riese et al., 1999), an oddball task (Zhao et al., 2017), a working
memory task (Gergelyfi et al., 2015), an object hit and avoid task (Magnuson et al., 2021), a
pegboard task (Magnuson et al., 2021), and a visuomotor task (Habay et al., 2021). Van Cutsem
et al. (2019) found increased response times for a visuomotor task, but no effect on accuracy;
Chen et al. (2021) found reduced accuracy for maths and suspension tasks, but no effect on
response times, while Liu and Wu (2009) found slower response times but no difference in
performance for arithmetic tasks.

Some studies reported an improvement in performance. Specifically, improvements
were noted in digit symbol coding (Jonasson et al., 2018) and symbol searches (Jonasson et al.,
2018). Whilst this may indicate practice effects or, perhaps, suggest that these measures are
not sensitive enough to detect ‘real-time’ cognitive fatigue, it is of note that the duration of
fatigue induction was thirty minutes, somewhat less than in other studies. There was also
evidence of enhanced performance in unstable tracking, albeit with longer response times
(Feyer et al., 1994, replicated by Williamson et al., 1996, though with a mid-trip dip in
performance), and the Advanced Trail Making Test (Tanaka et al., 2011 though Tanaka et al.,
2009 found worse error counts in the Advanced Trail Making Test). Claros-Salinas et al. (2010)
found that divided attention response times improved, but accuracy was unaffected. Decision-

making was reduced for Fortes et al. (2021), but Feyer et al. (1994) found faster response times



with no change in actual decision making. The trade-off between speed and accuracy highlights
the importance of considering both aspects in this context.

Some studies showed mixed results whereby performance initially improved at the mid-
point, and loss of performance only happened in some conditions, such as within the texture
discrimination task from Ioannucci (2022a, 2022b, 2022c). However, given that these findings
are all from the same researcher, it may be an artefact of their design.

Some studies reported no significant changes following cognitive fatigue induction.
Jonasson et al. (2018) found no effect for attentional blink, divided attention and working
memory combined, digit span or Stroop tasks. Similarly, Saito et al. (2018) found no significant
changes in a colour response time task. Of note, the duration of fatigue induction in these
studies was thirty and forty minutes respectively, somewhat less than in other studies, although
other studies with longer fatigue induction durations had similar findings: Feyer et al. (1994)
found no significant effect on their vocal response time task, Vdlker et al. (2016) found no
significant differences for number of characters typed or typing errors, and Otto et al. (2018)
found no significant differences for their n back task.

For some tasks, the findings were conflicting. For example, whilst performance was
reduced in the vigilance task in some studies (Hu & Lodewijks, 2021a and b; Mckinley et al.,
2011; Naeeri et al., 2021; Qin et al., 2021; Smith et al., 2019), others found performance was
only reduced in some conditions (Li et al., 2004), was improved (Feyer et al., 1994; Williamson
et al., 1996) or found no differences (Korber et al., 2015).

Similarly, whilst Guo et al. (2018) found worse performance in the go no-go task, Guo
et al., (2015) and Claros-Salinas et al. (2010) only found an effect in response times, with the
former only finding this in one condition and the latter finding that accuracy improved;
Magnuson et al. (2021) found no effects on accuracy or response times in the go no-go task.

Whilst Fortes et al. (2021) and Saito et al. (2018) found no significant changes in the Stroop



performance, Fortes et al. found slower response times. Whilst some studies found worse
performance on a simple response time task (Claros-Salinas et al., 2010; Ferreira Junior et al.,
2020), Gergelyfi et al., (2015) found no effect. Van Cutsem et al. (2019) found increased
response times for the flanker task but no effect on accuracy, whereas Habay et al. (2021) found
the opposite — no response time effect but accuracy was affected.

Cognitive tasks can mimic real-world tasks and provide a direct assessment of different
aspects of objective cognitive fatigue. However, most of these tasks, by their nature, require
cognitive resources to complete, which can add to the cognitive fatigue of the participant.
Indeed, some tasks that are commonly used to induce cognitive fatigue (e.g., the Stroop, n-
back, flanker, go no-go and vigilance/attention-based tasks) were used as measures within
some studies. Additionally, it should be noted that using tasks with physical components to
assess cognitive fatigue are likely to be affected by physical fatigue as well. Cognitive
measures are also difficult to implement within a working day as they involve taking time out
to undertake (although sometimes these only take a few minutes). As observed above, practice
effects can reduce their validity as measures of objective cognitive fatigue.

It 1s important to note that the length of the pre- and post-induction cognitive tasks
varied across the studies, which may have important implications for future research. Of the
30 studies with pre- and post-induction cognitive tasks, 9 did not detail the length of the tasks.
For the remaining studies, the task durations ranged from 2.5 minutes to 30 minutes. Some
tasks were consistently timed both pre and post (e.g., ATMT = 30 mins, GoNoGo = 15 mins),
whereas other tasks combined multiple shorter tasks. Six tasks were less than five minutes
long, seven tasks were exactly five minutes, four tasks lasted between five and ten minutes,
and eight were ten minutes or more. Given the small number of studies involved, caution is
needed when drawing conclusions about the influence of task length on the results. However,

this variation in task length is an important consideration for future research. While shorter



tasks are beneficial for naturalistic studies due to their feasibility, they may lack the sensitivity
to detect subtle changes in cognitive fatigue. Importantly, most tasks maintained a consistent
duration between the pre and post sessions, which helps to reduce variability and ensures that
differences in cognitive performance are attributable to the intervention rather than changes in

task duration.

Conclusions and future directions

This systematic review highlights the range of measures used to assess objective
cognitive fatigue, and the range of settings and populations in which they have been applied.
Whilst the overall trend of the findings suggests that most studies successfully induced and
measured objective cognitive fatigue, there were some conflicting findings. These could be due
to factors including the heterogeneity of the samples and study characteristics, and how
cognitive fatigue was operationalised within each study.

The various definitions of cognitive fatigue highlighted the diversity across the studies
and the need for a unifying, operationalised definition that encompasses the broad experiences
of cognitive fatigue, including subjective and physiological changes and the influence of
environmental conditions. The wider synthesis highlighted the need to standardise protocols
and report outcomes with clarity and transparency (in line with Open Science practices, e.g.,
Hagger, 2022) to enable more direct comparisons - the planned meta-analysis was prevented
by this lack of clear and detailed reporting (Siddaway et al., 2019).

The current review’s main aim was to consider objective measures of cognitive fatigue
that could be applied in real-world settings to inform return-to-work protocols. Whilst the
physiological measures provide an avenue for the non-invasive and non-intrusive real-time

assessment of objective cognitive fatigue, the potential for other factors (e.g., stress or physical



exertion) to confound this assessment means that they are unlikely to be appropriate for
standalone use within return-to-work protocols, particularly for those with long term physical
and/or cognitive impairments. Eye-related measures offer greater resilience and consistency in
assessing cognitive fatigue, and several aspects (blink frequency and duration, pupil diameter
and saccadic behaviour) could be collected at once to provide a comprehensive picture.
However, there are inconsistencies in findings within these measures across studies, so further
research is needed to understand these discrepancies. Additionally, such measures are currently
most appropriate for relatively sedentary jobs, although technological advances offer promise
for their measurement in more active jobs in the future. Awareness of the impact of
environmental conditions such as lighting on these measures is required, which could be
controlled for to a greater extent in more sedentary jobs.

Cognitive tasks appear to offer the most direct assessment of cognitive fatigue but can
potentially contribute to cognitive fatigue itself. Further research is needed into optimising such
measures to minimise this confounding effect. The issue of practice effects can also be
problematic for some of these measures, so consideration is required as to what kind of
cognitive tasks are most appropriate for this purpose, and how the administration of such
measures might be optimised to incorporate familiarisation with them beforehand. Based on
the literature included in this review, such tasks might include elements relating to vigilance,
switching attention and response suppression, might incorporate an interruption element, and
have outcomes relating to both response time and accuracy - the findings of reaction
time/accuracy studies highlight the need for both aspects to be included in cognitive measures
of fatigue. As few studies were conducted over a period equivalent to a working day, further
research is needed to assess the reliability of such measures over this timescale. There is some
suggestion that some cognitive measures of fatigue may be less likely to identify potential

deterioration in performance when the duration of fatigue induction is fifty minutes or less.



Additionally, it is often the case in clinical populations that difficulties do not occur in isolation.
Visual/visuo-spatial difficulties are common in people with acquired brain injuries and can be
under-reported. A consequence of this would be that visually demanding tasks exacerbate
cognitive fatigue due to the additional resources required to compensate. In such instances, it
seems less important to distinguish between visual fatigue and cognitive fatigue, as both will
be impacting upon real-world performance.

Some measures were excluded for potential unreliability due to being underpowered
(making Type 1 statistical errors more likely) or because they were not accompanied by another
measure to evidence that objective cognitive fatigue had been induced. Some potentially
relevant measures may have been excluded as a result; however, reducing the likelihood of
false positives was prioritised given the potential consequences of ill-managed return-to-work
protocols. Additionally, ‘real-world’ data is likely to have a lower signal to noise ratio than
laboratory tests given the lack of experimental control in such settings, meaning that the effect
sizes of such measures are likely to be reduced.

In the context of return-to-work protocols, concerns can be raised about the validity of
responses to self-report and/or behavioural measures, for example if there is the potential of
secondary gain. In clinical cognitive assessment, as well as the development of standalone tests
of symptom validity, embedded ‘effort-testing’ has become increasingly routine. Whilst this
was not a consideration identified within the current review, it may be that one direction for
the future is to attempt to embed a symptom validity related element into the development of
objective measures of cognitive fatigue. The majority of the studies did not explicitly assess
whether participants were putting forth their best effort on the tasks. This is particularly crucial
for cognitive tasks, as cognitive fatigue is measured by performance decline, and if participants
are not fully engaged, any observed decline might reflect a lack of motivation or interest rather

than true cognitive fatigue, potentially leading to inaccurate conclusions. Some studies



attempted to address this issue indirectly. For instance, one study based tasks on practice
performance to assess the maximum level of performance for each participant, thereby
ensuring engagement. Another study excluded participants with extremely slow response
times, suggesting a lack of effort, while others increased motivation by offering rewards or
conducting practice sessions to gauge participant ability. Additionally, some studies employed
adaptive mechanisms to maintain task difficulty at an appropriate level, such as varying
presentation duration or allowing participants to repeat levels in a Stroop task until a required
accuracy level was achieved. In a high-load block, one study adjusted a Sudoku puzzle task to
generate new puzzles upon completion, fostering long-term engagement. Baseline testing
sessions and repeated training were also used in some studies to ensure consistent effort across
tasks. In summary, whilst 46 of the 57 studies did not directly measure effort, several employed
indirect methods such as practice-based assessments, adaptive task difficulty, and motivation-
enhancing strategies to ensure participants were putting forth their best effort. However, future
research should explicitly assess participant effort within tasks to mitigate this potential
confound in the results.

Given the well-established relationship between sleep and cognitive performance, it is
also important to consider how sleep was accounted for within the studies. Unfortunately, this
relationship was largely overlooked. Only one study analysed the correlation between sleep
and cognitive performance, while another asked participants about their sleep duration prior to
the study. A third study examined sleep data separately, concluding that despite participants
being night workers, they were effectively managing the demands associated with their job.

Regarding efforts to mitigate the impact of sleep deprivation, several studies took
measures to control for sleep-related variables. For example, some studies provided
participants with time to sleep between driving runs or counterbalanced the order in which

participants slept. Others obtained detailed information about participants' sleep patterns and



sleepiness or required participants to be well-rested before the experiment. Several studies also
conducted tests at consistent times of the day to reduce circadian rhythm effects, and some
instructed participants to maintain regular sleep schedules or refrain from consuming caffeine
or alcohol before testing. However, it is notable that a significant number of studies (21) did
not mitigate for sleep deprivation in any way, potentially impacting the validity of their
findings.

A secondary consideration for this review was subjective cognitive fatigue. Of the
studies included, 48 reported subjective measures, with 39 of these reporting statistically
significant differences pre- and post- fatigue induction. In 7 studies it was unclear whether
there were differences, and in 2 there were differences in some but not all subjective measures.
Thus, a further area for research is on assessing the reliability of subjective measures of
cognitive fatigue.

Over 200 articles were inaccessible despite requests directly to authors, which may
have contained eligible measures. The lack of accessibility of the data also prevented a meta-
analysis from being completed to scrutinise the findings further. This highlights the need for
more Open Science practices within the field.

In conclusion, this systematic review highlights the need for a unifying definition of
cognitive fatigue, to facilitate measurement that is comprehensive enough to capture the
construct more fully. The data synthesis revealed the lack of consistency within findings in the
literature, which is likely to be related, at least in part, to a lack of transparency in reporting,
and heterogeneity in sample and study characteristics. Eye-related and cognitive measures
appear to hold the most promise for monitoring objective cognitive fatigue in real-time in ‘real
world’ settings. However, further research is required relating to cross-population differences
and the impacts of the contextual situation. This research is important to inform return-to-work

protocols for those returning from illness or injury and should be a priority as part of a wider



protocol to improve mental health (especially within the workplace). Objective measures that
can inform structured fatigue management planning have the potential to support individuals
with long-term conditions (or persisting consequences of acute conditions), their families,
colleagues, employers and health professionals within multidisciplinary teams in implementing

achievable and sustainable graded returns to activity.
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