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Abstract: Background: This review systematically examined the scientific literature about
electroencephalogram-derived ratio indexes used to assess human mental involvement, in order to
deduce what they are, how they are defined and used, and what their best fields of application are.
(2) Methods: The review was carried out according to the Preferred Reporting Items for Systematic
Review and Meta-Analyses (PRISMA) guidelines. (3) Results: From the search query, 82 documents
resulted. The majority (82%) were classified as related to mental strain, while 12% were classified as
related to sensory and emotion aspects, and 6% to movement. The electroencephalographic electrode
montage used was low-density in 13%, high-density in 6% and very-low-density in 81% of documents.
The most used electrode positions for computation of involvement indexes were in the frontal and
prefrontal cortex. Overall, 37 different formulations of involvement indexes were found. None of
them could be directly related to a specific field of application. (4) Conclusions: Standardization in
the definition of these indexes is missing, both in the considered frequency bands and in the exploited
electrodes. Future research may focus on the development of indexes with a unique definition to
monitor and characterize mental involvement.

Keywords: electroencephalogram; engagement index; vigilance; mental involvement; brainwaves;
brain rhythms; ratio index

1. Introduction

During daily life, we perform a series of physical and cognitive activities that are
managed and controlled by the brain. Indeed, the brain controls emotions, thought, mem-
ory, touch, sensory responses, motor skills, movement management, vision processing,
language processing, breathing, temperature, hunger and, in general, every process that
regulates our body. In particular, while performing continuous long-lasting (or even repeti-
tive) activities, subjects’ brains are involved in functions that require sustained attention
and, more generally, mental involvement.

Mental involvement can be defined as a brain state of focused vigilance, commitment,
and active involvement, which is maintained over time while focusing on a task [1]. In
this state there is a kind of alienation of an individual’s sphere of awareness and attention
from the rest of the world. While mentally engaged, the subject is able to maintain mental
alertness and participation on the specific task [2]. In this, there is not a single instantaneous
event (of a different possible nature, e.g., acoustic, visual, etc.) to which the subject is
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expected to respond within a certain time interval to demonstrate the ability of mental
readiness, but rather a series of continuous stimuli that require a high and continuous level
of alertness. Furthermore, from a comprehensive perspective, mental involvement includes
behavioral and emotional involvement, not only cognitive involvement [1].

In several fields of application, it is useful to assess the level of mental involvement.
In recent years, assessment of mental involvement has gained popularity in working
environments and other fields since it was proved that it provides a measure of stress that,
if excessive, could jeopardize the mental well-being status of individuals and even lead
to mistakes and injuries with possible consequences for the individual and others [3,4].
Besides working environments, mental involvement is also an important aspect in virtual
reality applications. Virtual reality is entering many areas of life, not only recreational
and game development but also the medical field. In virtual reality different levels of
immersivity (i.e., immersion intensity) can be defined: from a low-immersive virtual
reality experience to a high-immersive virtual reality experience, which are differentiated
essentially based on the sensory equipment used to experience the virtual environment. In
this context, assessment of the immersivity level could be useful and we can affirm that the
concept of immersivity is closely connected with that of mental involvement. The fields
of application of mental involvement assessment could be many others. They can range
from the commercial field to evaluate the effectiveness of an advertising medium to the
medical field for the evaluation of cognitive abilities and attention deficit disorders. In
this context, the possibility of assessing mental involvement is of relevance and should be
systematically addressed.

Assessment of the level of mental involvement is traditionally performed using dedi-
cated evaluation grids and self-assessment questionnaires. This approach, besides raising
problems related to wording and context, reflects a subjective evaluation based on the
perception of subjects and their ability to express it faithfully and carefully [1,5]. Thus,
recently, alternative assessment methods, relying on biosignal analysis, are being rapidly
asserted. Usable biosignals are galvanic skin response (GSR), heart-rate variability (HRV),
or electroencephalogram (EEG). Containing by its nature a wider range of information
about the mental state than other biosignals, EEG is considered the most suitable for de-
tecting and assessing mental involvement. In addition, it has the advantages of economic
suitability, low invasiveness, and high temporal resolution [1]. Thus, in this work, we focus
on EEG-based mental involvement detection.

EEG measures the voltage fluctuations resulting from ionic currents within neurons
firing synchronously. Thus, EEG is the direct recording of brain electrical activity happen-
ing noninvasively at the scalp level. Scalp EEG electrode placement has been standardized
to guarantee inter-subject and intra-subject comparability in both clinical and research
settings [6]. Electrode localizations are defined as percentages distant from cephalometric
landmarks [6]. An acknowledged method for low-density EEG electrode placement is
the 10–20 system (19 electrodes) [6,7]. The standard implies the positioning of electrodes
along fundamental ideal lines (antero-posterior, medial and lateral sagittal lines, frontal,
central and parietal coronal lines) drawn starting from fixed landmarks: the inion (external
protuberance of the occipital bone), the nasion (small depression immediately above the
nose) and the preauricular points. The distance between one electrode and another is 10%
or 20% of the total length of the line, hence the name of the system. The position of each
electrode is labelled according to the lobe, or more in general the area of the brain, from
which it is acquiring data: pre-frontal (Fp), frontal (F), temporal (T), parietal (P), occipital
(O), and central (C). Moreover, electrodes are also numbered according to the side of place-
ment: even-numbered electrodes are placed on the right hemisphere, while odd-numbered
ones are placed on the left hemisphere. The presence of a “Z” in the electrode label means
that it is placed in the middle sagittal plane [8]. The 10–20 system has undergone sev-
eral extensions (e.g., the 10–10 system) up to the definition of a high-density electrode
array. Indeed, spatial resolution is variable: from a low-density EEG montage, implying
19–25 electrodes, to a high-density EEG montage, implying a minimum of 64–256 chan-
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nels [6,9]. On the other hand, wearable/portable systems with less than 19 electrodes have
been studied due to their benefit of ease of use, especially in the brain computer interface
(BCI) field of application, allowing researchers an inexpensive alternative to laboratory-
based systems [5,10,11]. EEG is used to analyze subjects’ brain status and behavior based
on frequency ranges of the signal, categorized into five human EEG frequency bands (or
brainwaves): delta, theta, alpha, beta and gamma [12]. These widely recognized frequency
bands are distributed along the EEG frequency band (0.1–100 Hz), even if the frequency
range thresholds pertaining each band are not uniquely standardized. Roughly, delta, theta,
alpha, beta and gamma bands are located lower than 4 Hz, between 4 Hz and 8 Hz, between
8 Hz and 12 Hz, between 12 Hz and 35 Hz, and higher than 35 Hz, respectively. They are
associated with brain status, and thus are exploited to characterize it. Usually, the delta
band is associated with sleep and dreaming, the theta band is associated with deep relaxing
and drowsiness, the alpha band is associated with resting and passive attention, the beta
band is associated with active mind and external attention, and gamma is associated with
concentration [13]. Some studies also identify an intermediate band between alpha and
beta, indicating sensory-motor rhythm (12–15 Hz), collocating beta bands between 15 Hz
and 35 Hz [14]. Furthermore, some authors consider sub-sections within the frequency
contents pertaining the EEG frequency bands, usually labelling them with progressive
numbers corresponding to the ordered subsections (e.g., beta_1 is the first part of the beta
frequency content). As with the definition of EEG bands’ frequency limits, the subsection
frequency limits are not uniquely set.

Adopting the classification approach recently (2019) proposed by Wang et al., involve-
ment indexes based on the spectral power (energy) of EEG-derived brainwaves can be
categorized into basic and ratio ones [15]. The basic indexes can be defined as the power
or relative power of single brainwaves, while the ratio indexes can be defined as the ratio
of powers and/or of power summations, thus including more than one single brainwave,
for more comprehensive indicators that more reliably reflect mental involvement. Indeed,
although the literature agrees in attributing to the spectral power of each brainwave a close
association with the cognitive patterns and mental state of subjects, this cannot always
faithfully reflect variations of mental involvement [15]. In this context, an approach based
on the ratio of spectral power of EEG-derived brainwaves seems to be preferable. The
nomenclature indicating these kinds of EEG indexes is similar, but not always unique. In
1995, Pope et al. talked about “engagement index” [16], referring to a relationship among
brainwaves reflecting the level of mental involvement in a task. More recently, in 2015,
Coelli et al. referred to the same kind of index as “brainwave-based engagement index” [2].
In order to propose a unique nomenclature, the present systematic review analyzes the
scientific material published in the literature regarding mental involvement indexes (ex-
plicitly defined in this way or not) computed as ratio indexes. Specifically, ratio indexes
are meant to be ratios of functions involving the power spectral densities of more than one
brainwave assessed via noninvasive EEG. Studies of interest have to consider EEG acquired
on healthy populations in a psychological state not altered by external factors. The final
aim is to address four main objectives, finding answers to the following research questions:

• What are the spectral EEG ratio indexes for mental assessment and how are they defined?
• How are they used in relation to the specific field of application, i.e., in relation to the

subject’s activity?
• Is the spatial density of the EEG system used crucial for their computation?
• Are some electrodes more appropriate for their computation?

2. Materials and Methods

This systematic review was carried out and its findings presented according to the
Preferred Reporting Items for Systematic Review and Meta-Analyses (PRISMA) guidelines,
updated in 2020 [15].
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2.1. Literature Search Strategy and Design

The literature search of peer-reviewed scientific research studies (referred to as docu-
ments in the following) was conducted in the period from January to March 2023 in four
electronic bibliographic repositories: PubMed, Scopus, Web of Science, and IEEE Xplore.
The literature was organized dividing the topic of interest (i.e., mental involvement indexes
based on EEG-derived brainwaves) into the four areas of which it is essentially composed.
Indeed, in order to reach our goal, we had to focus on: (1) the different possible tasks that
the brain controls; (2) the type of EEG; (3) EEG characterization through brainwaves; (4) ob-
jective assessment of brain involvement using indexes derived from brainwave-related
features. Based on these four search areas, the inclusion search expressions/terms/term
roots (which are referred to as ‘keywords’ in the following) were:

(1) movement* control, movement* response, movement* task*, motor control, motor
task*, motor response, sensory control, sensory task*, sensory response, emotion*,
mental state*, mental effort, mental fatigue, mental task*, mental load, mental func-
tion*, cognitive load, cognitive task*, cognitive effort, cognitive fatigue, cognitive
function*, stress, attention, vigilance, working memory, language task*, language
processing, language control;

(2) EEG, electroencephalogra*;
(3) wave*, frequency band*, oscillation*, rhythm*, frequency content, frequency range;
(4) index*, indice*, characterization, marker*;

Specifically: ‘movement* control’, ‘movement* response’, ‘movement* task*’, ‘motor
control’, ‘motor task*’, and ‘motor response’ were used to explore and include documents
related to movement; ‘sensory control’, ‘sensory task*’, ‘sensory response’, and ‘emotion*’
were used to explore and include documents related to sensory and emotional aspects;
‘mental state*’, ‘mental effort’, ‘mental fatigue’, ‘mental task*’, ‘mental load’, ‘mental
function*’, ‘cognitive load’, ‘cognitive task*’, ‘cognitive effort’, ‘cognitive fatigue’, ‘cognitive
function*’, ‘stress’, ‘attention’, ‘vigilance’, ‘working memory’, ‘language task*’, ‘language
processing’, and ‘language control’ were used to explore and include documents related to
mental strain, including verbal/reading processing and temporal retention of information;
‘EEG’ and ‘electroencephalogra*’ were used to explore and include documents taking
into consideration the EEG as signal of interest; ‘wave*’, ‘frequency band*’, ‘oscillation*’,
‘rhythm*’, ‘frequency content’, and ‘frequency range’ were used to explore and include
documents characterizing EEG through brainwaves; ‘index*’, ‘indice*’, ‘characterization’,
and ‘marker*’ were used to explore and include documents defining/using indexes.

Inclusion keywords within each search area were combined through the Boolean
operator ‘OR’, and in turn the resulting four inclusion keyword combinations were ar-
ranged through the operator ‘AND’ to create the search query. Moreover, in order to
explore only documents pertaining to healthy human beings engaged in a continuative
task and whose attention was not tested through stimuli, some exclusion keywords were
also considered. Particularly, the following keywords were excluded: ‘animal*’, ‘stimul*’,
‘disease*’, ‘disorder*’, and ‘impairment’. The exclusion keywords were arranged in the
search query through the operator ‘AND NOT’. The search field was limited by the appli-
cation of the search query to the two fields of title and abstract concurrently. Eventually,
two automatic filters about language and document type were performed on the search
query: non-English documents, as well as reviews (including conference reviews) and book
chapters, were filtered out from the search. No additional filters were performed on the
publication date. The same search query was used to systematically look for documents in
the four electronic bibliographic repositories. The specific forms used for each of them are
reported in Appendix A.

2.2. Selection of Documents

All documents resulting from the application of the search query in Scopus, PubMed,
Web of Science and IEEE Xplore were imported into the citation management tool Mendeley.
There, duplicated documents were identified and discarded. The documents were further
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manually screened to exclude reviews, book chapters and non-English documents that may
have remained after the automatic screening. Documents for which the abstract was not
available were neglected. The screening of documents was performed with the purpose of
including studies that considered:

• healthy human subjects, where the condition of health is intended especially in relation
to the absence of neurological and/or psychiatric disorders or alteration conditions;

• awake subjects;
• subjects not under the effect of drugs or mind-altering substances in general (i.e.,

alcohol, tobacco, caffeine, etc.);
• non-invasive EEG used for assessment of mental state;
• EEG characterized in the frequency domain through the brainwaves;
• frequency bands of EEG brainwaves characterized only by the power spectral density

of the signal, specifically: the power spectral density of the delta frequency band (from
this moment indicated as δ); the power spectral density of the theta frequency band
(from this moment indicated as θ); the power spectral density of the alpha frequency
band (from this moment indicated as α); the power spectral density of the sensory-
motor rhythm (from this moment indicated as SMR); the power spectral density of the
beta frequency band (from this moment indicated as β); the power spectral density of
the gamma frequency band (from this moment indicated as γ). Power spectral density
could be also expressed as sum or mean over different EEG channels;

• the involvement spectral EEG ratio index resulting from the ratio between the func-
tions of power spectral densities of some EEG brainwaves, involving more than one
brainwave and being different at numerator and denominator.

In particular, based on this purpose, the following exclusion criteria were applied:

• studies involving animals;
• studies involving patients (subjects affected by a disease);
• studies involving subjects in a possibly altered state;
• studies involving sleeping subjects/patients;
• studies not considering noninvasive EEG;
• studies where EEG is not characterized according to brainwaves (delta, theta, alpha,

sensory-motor rhythm, beta, gamma);
• studies where brainwaves are characterized by means other than power spectral

density (δ, θ, α, SMR, β, γ);
• studies not considering spectral EEG ratio indexes based on the spectral power of

EEG-derived brainwaves, expressed as in the mathematical form of Equation (1):

SRI =
f1(a·δ, b·θ, c·α, d·SMR, e·β, g·γ)
f2(h·δ, i·θ, j·α, k·SMR, l·β, m·γ) (1)

where SRI stands for spectral ratio index, f1 and f2 are at least first-order in one of the
power spectral densities, a, b, c, d, e, g, h, i, j, k, l, m are binary numbers (equal to 1 or 0) in
any possible combination (except all equal to 1 that gives SRI = 1).

The document exclusion process was performed using the “or” operator logic among
the established criteria. After title and abstract were screened sequentially according to
the same criteria, documents that met the exclusion criteria were progressively discarded.
In case neither the title nor the abstract contained necessary information for the screening
evaluation, the same criteria were applied in the following phase of full-text review. Docu-
ments for which the full text was not available were neglected. Documents that did not
meet the exclusion criteria were included in the review for the following evaluation steps.

Finally, the references of the documents included were screened in order to search for
further relevant documents to be added, using the same procedure for exclusion used to
select the included documents.
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2.3. Collection of Information

All included documents were sorted based on publication year and their distribution
over time was evaluated. In addition, they were qualitatively classified by text screening
according to the application field considered by each described study. The possible cate-
gories were: (1) documents related to movement, (2) documents related to sensory and
emotional aspects, (3) documents related to mental strain.

Selected documents were also imported and analyzed using the spreadsheet software
Microsoft Excel. Each document was described in terms of studied population character-
istics (size, gender, age, preferred hand), as well as in terms of EEG acquisition device
characteristics (name, number of electrodes used excluding ground and reference, elec-
trode montage). Referring to population characteristics, continuous features (i.e., age)
were expressed according to the reporting modality of the reference document (e.g., as
mean ± standard deviation, as median [interquartile range], as minimum–maximum range,
or as mean and standard error), while categorical features (i.e., gender and preferred hand)
were reported as absolute number, ratio, or percentage. If the information was not available,
‘NA’ (standing for ‘not available’) was indicated. The reported population size was the
first indicated by the document, so that exclusion criteria eventually applied throughout
the described study were not considered. Age and gender were reported accordingly, if
possible (otherwise specified).

The electrodes used for the computation of EEG ratio indexes were specifically de-
scribed in their number, positioning, and modality of use in the index formula (e.g., singu-
larly or combined as sum or mean), if this information was available. The electrode use rate
was then represented through a colored topographical bidimensional scalp map showing a
different color or intensity of color based on frequency.

From all included documents, a list of the EEG ratio indexes used was created, together
with an indication of the specific documents that use them in the basic form or as derived
indexes. Derived indexes are defined here as indexes using the basic form of an original
index but calculated over subsections of wave frequency bands using the introduction of
weights into the terms of the formula, or using a formula where the terms are the original
index (as in the case of the indexes defined as reciprocals of the basic form). Eventually,
indexes were evaluated for their frequency of use and field of application, based on the
application field of documents where they were considered.

2.4. Quality Appraisal

The quality and risk of bias of the selected documents were appraised through the
Joanna Briggs Institute tools [15], using the appropriate checklist according to the study
design [17]. Several items pertaining the study described in each document were labelled
with “yes”, “no”, “unclear”, or “not applicable” based on the modality of reporting the
related information. The quality appraisal was assessed independently by four authors
and possible discrepancies resolved by all authors after aggregated revision and discussion.
Eventually, the overall score assigned to each document was assessed via the total amount
of affirmative answers, expressed as a percentage with respect to the full score, given by the
number of evaluated items. No exclusions were performed based on the quality appraisal.

Limitations of the selected documents were estimated based on the specifications of
the electrodes used to characterize the EEG bands, then combined to compute the mental
involvement index.

3. Results

From the application of the search query, 1366 documents resulted: specifically, 526 in
Scopus, 407 in PubMed, 378 in Web of Science, and 55 in IEEE Xplore. Then, 706 documents
were automatically identified as duplicated and discarded, so that 660 remained for further
screening. After manual screening 626 documents remained. Based on the title evaluation,
109 documents were excluded. All the resulting documents had abstracts available. Based
on the abstract evaluation, 47 documents were excluded. Where necessary and if available
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(24 documents had text not available), the full text was evaluated. Among the evaluated
documents, 4 were studies involving animals, 38 were studies involving patients, 6 were
studies involving subjects in possibly altered states, 43 were studies not considering only
noninvasive EEG, and 318 were studies not considering spectral EEG ratio indexes (e.g.,
considering only single brainwaves). After full text analysis, 37 documents were recognized
as not compliant with the established exclusion criteria and were selected for inclusion in
the review [2,18–53].

The cited references of the included documents totaled 1609. Of them, 115 documents
were automatically identified as duplicated and discarded, so that 1494 remained for
further screening. After manual screening, 1319 documents remained. Based on the title
evaluation, 676 documents were excluded. A few documents (4) had abstracts not available.
Based on the abstract evaluation, 444 documents were excluded. Where necessary and if
available (47 documents had text not available), the full text was evaluated. Among the
evaluated documents, 1 was a study involving patients, 2 were studies involving sleeping
people, 16 were studies not considering only noninvasive EEG, and 84 were studies not
considering spectral EEG ratio indexes (e.g., considering only single brainwaves). After
full text analysis, 45 documents were recognized as not compliant with the established
exclusion criteria and were selected for inclusion in the review [5,16,54–96].

Overall, from the application of the search query and the citation search, 82 documents
were included in the review. Figure 1 shows in detail the literature and citation searches,
as well as the screening phases, that led to the selection of the documents included in
the review.
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Figure 1. Flow diagram of the systematic review showing the design of the literature and citation
searches for identification of eligible documents, of the screening criteria and selection.

Most of the included documents were articles (specifically 65, 79%)
[5,16,18–23,26–40,42–44,46,47,52–60,62–81,84,86,88–92,96], while the remainder (specifically
17, 21%) were conference papers [2,24,25,41,45,48–51,61,82,83,85,87,93–95]. Overall, the in-
cluded documents covered the time period from 1995 to 2022. About 44% of included
documents were published in the last five years, with 24% of documents published between
2018 and 2019. Figure 2 shows the distribution of document publication dates expressed
in years.
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In Figure 3 a classification of the documents based on the application field is proposed.
The majority (82%) were classified as related to mental strain, half of them pertaining to
learning (e.g., scholars), driving and working contexts (about 19%, 16% and 13%, respec-
tively). The remaining were classified as related to sensory and emotion aspects (12%) or to
movement (6%).
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related to movement ([20,21,23,58,60]), 10 documents related to sensory and emotional as-
pects ([19,26,40,42,43,51,54,61,84,94]), 67 documents related to mental strain (the remaining included
documents).

Table 1 includes the characteristics of the studied populations. The population size
was not specified for three documents, while among the other 79, 50% enrolled a pop-
ulation including less than 20 individuals, 28% enrolled a population including 20 to
40 individuals, 14% enrolled a population including 40 to 60 individuals, and only 8%
enrolled a population including more than 60 individuals. The population gender was not
specified for 23 documents, while among the other 59, 65% of enrolled individuals were
male. The population age was not specified for 14 documents, while among the other 68,
one document enrolled only children (5–10 years old) [82], one document enrolled only
adolescents (10–19 years old) [34], 55 documents enrolled adult individuals (19–60 years
old), one document considered only over-60 individuals [46], and the remaining enrolled a
mixed-age population. The population’s preferred hand was only specified in 16 (20%) and
in these documents the whole population was right-handed. Results for quality appraisal
of all selected documents are also reported in Table 1.
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Table 1. Studied population characteristics.

Ref. QA 1 Pop. Size 2 Gender (M/F) 3 Age (Years) 4 Preferred Hand 5

[2] 75% 9 8/1 24 ± 2.9 [18–28] R: 9
L: 0

[5] 88% 30 10/20 AVG: 20.87 [18–43] R:30
L:0

[16] 50% 6 NA AVG: 35.5 [25–50] NA

[18] 50% 10 10/0 NA R: 10
L: 0

[19] 75% 30 16/14 [8–70] NA

[20] 80% 14 6/8 M: 43.8 ± 9.2
F: 34.7 ± 11.9

R: 14
L: 0

[21] 50% 14 5/9 22.4 ± 1.6 NA

[22] 38% 4 4/0 [23–33] R: 4
L: 0

[23] 50% 12 11/1 [21–35] NA

[24] 25% 4 NA [24–26] NA

[25] 50% 4 NA NA NA

[26] 100% 42 31/11 20.81 ± 1.13 NA

[27] 80% 10 10/0 22.4 ± 1.7 NA

[28] 100% 16 16/0 23.1 ± 1.8 R: 16
L: 0

[29] 30% 20 20/0 AVG: 27 R: 20
L: 0

[30] 80% 17 11/6 AVG: 32.22; SE: 2.2
[21–40] NA

[31] 88% 10 7/3 20.6 ± 3.2 R: 10
L: 0

[32] 40% 35 35/0 20.9 ± 1.57 R: 35
L: 0

[33] 75% 57
(28 YA)

18/39
12/16 25.39 ± 3.03 [21–31] R: 57

L:0(29 O) 6/23 70.17 ± 3.38 [65–78]

[34] 50% 29 17/12 [10–13] NA

[35] 63% 14 8/6 20 ±1.5 [17–21] NA

[36] 69% 30 18/12 22.1 ± 1.77 [20–28] NA

[37] 75% 11 NA 24 ± 2.2 NA

[38] 38% 30 19/11 AVG: 24 [18–43] NA

[39] 38% 2 2/0 [20–29] NA

[40] 50% 34 17/17 [19–30] NA

[41] 38% 82 35/47 AVG: 26 NA

[42] 88% 8 8/0 36.6 ± 9.2 R: 8
L:0

[43] 38% 14 NA NA NA

[44] 38% 15 NA [22–33] NA

[45] 38% 5 NA NA NA
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Table 1. Cont.

Ref. QA 1 Pop. Size 2 Gender (M/F) 3 Age (Years) 4 Preferred Hand 5

[46] 63% 105 NA [60–80] NA

[47] 63% 21 21/0 AVG: 40.1 [29–47] NA

[48] 50% 6 NA NA NA

[49] 38% 41 NA NA NA

[50] 38% 2 NA NA NA

[51] 50% 19 17/2 NA NA

[52] 50% 40 40/0 39.06 ± 7.75 NA

[53] 75% 45 45/0 AVG: 20 NA

[54] 50% 32 16/16 AVG: 26.9 [19–37] NA

[55] 88% 39
32 (dataset of 54)

NA
16/16 AVG: 26.9 [19–37] NA

7 NA 37.9 ± 8.8 NA

[56] 100% 22 22/0 22.54 ± 1.53 NA

[57] 38% 44 NA ≥18 NA

[58] 88% 7 7/0 26.3 ± 1.9 NA

[59] 50% 64 64/0 [20–25] NA

[60] 77% 30
15

27/3
13/2 22.42 ± 2.30 R:30

L:015 14/1 23.67 ± 2.09

[61] 63% 6 3/3 AVG: 30.16 NA

[62] 63% 74 36/38 NA NA

[63] 75% 10 6/4 AVG: 27.5 [24–36] NA

[64] 88% 20 16/4 28 ± 2 NA

[65] 63% 21 21/0 [25–35] NA

[66] 54% 77 30/ 47 19.6 ± 2.5 NA

[67] 88% 10 NA AVG: 22 [20–24] NA

[68] 88% 11 11/0 37.9 ± 8.8 [26–50] NA

[69] 69% 18 18/0 30.1 ± 10.8 NA

[70] 75% 7 7/0 [22–28] NA

[71] 75% 40 26/14 [19–38] NA

[72] 75% 10 10/0 [20–28] NA

[73] 75% 36
20

NA
20/0 [19–22] NA

16 NA NA NA

[74] 100% 18 16/0 23.1 ± 1.4 [21–26] R:18
L:0

[75] 38% 36 NA [8–40] R:36
L:0

[76] 88% 42 16/26 24.26 ± 1.17 [20–26] R:42
L:0

[77] 100% 9 NA [25–40] NA

[78] 88% NA NA AVG: 26 NA

[79] 54% 60 NA [18–40] R:60
L:0
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Table 1. Cont.

Ref. QA 1 Pop. Size 2 Gender (M/F) 3 Age (Years) 4 Preferred Hand 5

[80] 75% 20 20/0 25.6 ± 2.56 [22–32] NA

[81] 100% 50 NA 28.48 ± 2.63 [25–33] NA

[82] 75% 24 10/14 7.56 ± 0.86 [6–8.5] NA

[83] 38% NA NA NA NA

[84] 88% 10 10/0 [26–55] NA

[85] 63% 30 15/15 22.3 ± 6.88 [18–57] NA

[86] 88% 24 12/12 AVG: 25 [22–27] NA

[87] 63% 5 NA NA NA

[88] 63% 15 8/7 21.8 ± 2.73 [20–27] NA

[89] 100% 52 36/16 28 ± 10 [20–70] NA

[90] 88% 110 27/83 29.34 ± 10.17 [18–55] NA

[91] 88% 20 20/0 23 ± 4.40 NA

[92] 69% 18 12/6 23.1 ± 1.9 NA

[93] 50% 13 13/0 [21–30] NA

[94] 50% NA NA NA NA

[95] 50% 10 5/5 NA NA

[96] 46% 42 26/16 20.81 ± 1.13 NA
1 QA: ‘quality appraisal’; 2 Pop. Size: ‘population size’; YA ‘young adults’; O ‘older subjects’; NA: ‘not available’;
3 M/F: ‘male/female’; NA: ‘not available’; 4 Age values are reported in terms of mean ± standard deviation or as
[range], based on the original studies. AVG: ‘average’; SE: ‘standard error’. When the gender is not specified the
age values are the same for both genders; NA: ‘not available’. 5 R: right hand; L: left hand; NA: ‘not available’.

Table 2 includes the characteristics of the EEG acquisition devices. The device most
used was the Emotiv Epoc System, employed in 19 (23%) included documents. The
number of electrodes acquired was not specified in two documents, while the montage
was low-density in 13% of documents, high-density in 6% and very-low-density in the
remaining documents. The electrode montage system (EMS) was not specified in eight
documents, while in the other 74 the international 10–20 system (or its extended versions)
was employed. In Table 2, not only the number of acquired channels (NAC) is indicated, but
also the channels used in the computation of EEG ratio index formulas (channels used for
power analysis, CPA). If the modality through which the acquired channels were combined
in the computation of the index (e.g., singularly and differently for different EEG bands,
or as sum or average) was specified, the ‘channels specified in formula’ (CSF) item was
labeled with a checkmark.

Table 2. EEG acquisition device characteristics.

Ref. Device NAC 1 CPA 2 EMS 3 CSF 4

[2] NeuroScan 19 F4, F3, F7, F8, Pz, P3, Fz, C3, Pz,
P3, P4, Cz, FP1 10–20

[5] Emotiv EPOC system 14 F3, F4, I2 10–20

[16] NA 7 Cz, Pz, P3, P4 10–20 X

[18] Emotiv EPOC system 14 NA 10–20

[19] BIOPAC (EEG100C) 1 NA NA X

[20] NEXUS-32 21 F3, Fz, F4, C3, Cz, C4, P3, Pz, P4,
O1, O2 10–20
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Table 2. Cont.

Ref. Device NAC 1 CPA 2 EMS 3 CSF 4

[21] NeuroScan 20
FP1, FP2, F7, F8, F3, F4, Fz, C3, C4,
Cz, P3, P4, Pz, T3, T4, T5, T6, O1,

O2, Oz
10–20 X

[22] EBNeuro 7 P4, F4 E 10–20 X

[23] MOVE system 64 NA E 10–20

[24] NeuroSky’s Mind-Band 1 FP1 10–20

[25] NeuroScan 2 FP1, FP2 10–20 X

[26] Device of OpenBCI 15 FP1, FP2, F7, F3, Fz, F4, F8, T7, Cz,
T8, P7, Pz, P8, O1, O2 10–20 X

[27] Device of mBrainTrain 24
FP1, FP2, AFz, F7, F3, Fz, F4, F8,
T7, T8, C3, C4, Cz, CPz, M1, M2,
P7, P3, Pz, P4, P8, POz, O1, O2

10–20 X

[28] NeuroScan 13 Fp2, Fp1, F4, F3, A2, A1, C4, C3,
P4, P3, Fz, Cz, Pz 10–20 X

[29] Emotiv EPOC system 14 AF3, AF4 10–20 X

[30] Mitsar-EEG 201 20 Fz, Pz 10–20 X

[31] NA 22 NA E 10–20 X

[32] MOBITA (wireless EEG) 27

Fp1, Fpz, Fp2, F7, F3, Fz, F4, F8,
FC5, FC1, FC2, FC6, C3, Cz, C4,
CP5, CP1, CP2, CP6, P7, P3, Pz,

P4, P8, O1, Oz, O2

10–20 X

[33] BrainVision Recorder 32 NA 10–20

[34] NA 16 FP1, FP2, F3, F4, F7, F8, C3, C4,
T3, T4, T5, T6, P3, P4, O1, O2 10–20

[35] Enobio 8 FP1, FP2, P3, P4, O1, C4, T7, T8 10–20 X

[36] NA NA NA NA

[37] BIOS-S8 6 Fpz, Fz, Cz, Pz, C3, C4 10–20 X

[38] BrainVision 4 F3, F4, O1, O2 10–20

[39] MindSet 1 FP1 10–20

[40] Emotiv EPOC system 14 AF3, F7, F3, FC5, T7, AF4, F4, F8,
FC6, T8 10–20

[41] NA 64 Fz, Pz, F3, F4, O1, O2 E 10–20

[42] Biosignalplux (EEG) 2 F3, F4 10–20 X

[43] Emotiv EPOC system 14 O1, O2, P7, P8, T7, T8, FC5, FC6,
F3, F4, F7, F8, AF3, AF4 10–20 X

[44] Emotiv EPOC system 14 F3, F4, P7, P8 10–20 X

[45] Emotiv EPOC system 14 O1, O2, P7, P8, T7, T8, FC5, FC6,
F3, F4, F7, F8, AF3, AF4 10–20

[46] NA 1 NA NA

[47] eegoTMmylab 63 C1, C2, CP1, CP2, P1, P2 E 10–20

[48] mBrainTrain
(SMARTING system) NA Fz, Cz, CPz, Pz NA

[49] Wave Rider system 2 FP1, FP2 10–20

[50] BIOPAC (MP100) 2 NA 10–20
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Table 2. Cont.

Ref. Device NAC 1 CPA 2 EMS 3 CSF 4

[51] Enobio device 8 Fp1, Fp2, F3, F4, T7, T8, Pz, P4 10–20 X

[52] NA 64 FP1 10–20

[53] Emotiv EPOC system 14 AF3, AF4 10–20 X

[54] Emotiv EPOC system 14 Fz, AF3, F3, AF4, F4 10–20 X

[55] Emotiv EPOC system 14 AF3, AF4, F3, F4 10–20 X

[56] Net Amps 300 128
FP1, FP2, F3, F4, F7, F8, C3, C4,

T3, T4, T5, T6, P3, P4, O1, O2, Fz,
Cz, Pz

10–20 X

[57] BIOPAC (EEG100A) 22 O3, O4, F3, F4 10–20

[58] NA 2 F3, F4 10–20

[59] Emotiv EPOC system 14 AF3, AF4, F3, F4 10–20 X

[60] BIOPAC (MP150) 20 NA 10–20

[61] Emotiv EPOC system 14 F3, F4 10–20 X

[62] BioSemi ActiveTwo 9 F3, Fz, F4 10–20 X

[63] BrainAmp 64

F3, F1, Fz, F2, F4, FC3, FC1, FCz,
FC4, C3, C1, C2, C4, CP3, CP1,

CPz, CP2, CP4, P3, P1, Pz, P2, P4,
PO3, POz, PO4, O1, Oz, O2

E 10–20

[64] g.MOBIlab (EEG) 8 FC3, FC4, C3, C4, C5, C6,
CP3, CP4 10–20 X

[65] NA 13 Fp1, Fp2, F3, F4, T3, T4, C3, C4,
P3, P4, O1, O2, Cz 10–20

[66] BioSemi ActiveTwo 9 F3, Fz, F4 10–20 X

[67] VEEG1240 16 NA 10–20

[68] Emotiv EPOC system 14 AF3, AF4, F3, F4 10–20 X

[69] Neurofax µ EEG-9100 11 NA NA X

[70] BIOPAC (MP150) 8 NA 10–20

[71] g-MOBIlab (EEG) 3 NA 10–20

[72] NeuroScan 19 NA 10–20

[73] NA 3 Fz, Pz 10–20 X

[74] NeuroScan 13 Fp1, Fp2, F3, F4, Fz, C3, C4, Cz,
P3, P4, Pz 10–20 X

[75] BIOPAC (EEG100A) 4 Cz, Pz, P3, P4 10–20 X

[76] NeuroScan 32 NA E 10–20

[77] Emotiv EPOC system 14 NA 10–20

[78] BIOPAC (LXE1008C) 8 NA 10–20

[79] BIOPAC (EEG100A) 12 Cz, Pz, P3, P4, F3, F4, F7, F8, T3,
T4, T5, T6 10–20

[80] NicoletOne
Ambulatory EEG 16 NA 10–20

[81] NicoletOne
Ambulatory EEG 16 NA 10–20

[82] Emotiv EPOC system 14 NA 10–20
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Table 2. Cont.

Ref. Device NAC 1 CPA 2 EMS 3 CSF 4

[83] Emotiv EPOC system 14 NA 10–20

[84] Emotiv EPOC system 14 F3, F4 AF3, AF4, F3, F4 10–20 X

[85] Mindset 1 Fp1 10–20

[86] Mindset 1 Fp1 10–20

[87] Neurosky TGAM 4 Fp1, Fp2, TP9, TP10 10–20 X

[88] Emotiv EPOC system 14 O1, O2, P7, P8, T7, T8, FC5, FC6,
F3, F4, F7, F8, AF3, AF4 10–20 X

[89] NeuroScan 30 NA 10–20

[90] BrainVision 10 F3, F4, P3, P4 10–20 X

[91] Mitsar-EEG-201 8 F3, F4, P3, P4, T3, T4, O1, O2 10–20

[92] ProComp EEG System 1 Pz NA

[93] NeuroScan 62 NA 10–20

[94] Emotiv EPOC system 14 O1, O2, P7, P8, T7, T8, FC5, FC6,
F3, F4, F7, F8, AF3, AF4 10–20

[95] QEEG-4 system 4 NA NA

[96] NA 15 NA 10–20
1 NAC ‘Number of Acquired Channels’. 2 CPA ‘Channels used for Power Analysis’ ground and reference
excluded in counting. 3 EMS: ‘Electrode Montage System’; NA: ‘not available’; 10–20: International 10–20 system;
E 10–20: Extended international 10–20 system. 4 CSF: ‘channels specified in formula’. When checkmark (X) is
present the information is reported in the original paper.

Figure 4 shows a topographical bidimensional scalp map specifically considering an
extended 10–20 EEG electrode montage system, where each electrode is characterized in
terms of the number of times it is considered in the literature to compute the involvement
index. In particular, the range of colors from white to red corresponds to a higher use rate of
electrodes. From the figure it is possible to conclude that the most used electrode positions
for computation of involvement indexes are F3 and F4, followed by Fz and FP1, i.e., the
frontal and prefrontal areas.
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In Table 3 a list of the EEG ratio indexes used is reported. Overall, we found 37 different
formulations of involvement indexes. Besides the basic form, the specific documents that
use each index, in the basic form or as derived indexes, is indicated. Documents are
reported already classified based on their application field.

Table 3. Involvement indexes.

Index Formula

Documents in Which the Index is Considered

Mental Strain Sensory and
Emotional Aspects Movement

I1
β
α

2, 5, 16, 18, 24, 27, 28, 35, 32, 46, 49, 52, 55, 56, 59,
67, 68, 71, 72, 74, 75, 76, 78, 86, 93 19, 42, 51, 54, 61, 84, 94 21, 58

I2
β

α+θ

5, 16, 18, 24, 27, 28, 31, 32, 35, 38, 41, 45, 47, 48,
49, 50, 52, 57, 63, 64, 67, 72, 74, 75, 76, 77, 78, 80,

81, 82, 83, 85, 87, 88, 89, 91, 93, 96
19, 26, 43 60

I3
β
θ

18, 24, 27, 28, 29, 31, 34, 35, 46, 52, 53, 56, 62, 67,
69, 71, 72, 76, 79, 80, 89, 90, 93 19 60

I4
θ
α

18, 22, 24, 27, 30, 35, 36, 41, 44, 56, 69, 73, 74, 78,
80, 92 20, 23, 60

I5
θ
δ

33, 36, 56

I6
SMR

θ
34, 36, 37

I7
SMR

β
36

I8
α+β

δ
65

I9
θ+α
α+β

18, 24, 52, 67, 72, 80, 89, 93 19

I10
θ

α+β
24, 46, 80

I11
θ+α

γ 39

I12
β+θ

α
25

I13
δ+θ

β
24

I14
δ+θ+α

β
24

I15
δ+θ

α 60

I16
δ+θ
α+β

18 40 60

I17
δ
α 56

I18
δ
β

18, 56 19

I19
θ
γ 46

I20
α
γ 46

I21
SMR+β

θ
70, 95

I22
θ+α
β+γ

18 19

I23
α+β
α+θ

18 19

I24
α

β+γ 18 19

I25
δ+θ+α

β+γ
18 19

I26
α

δ+θ+α 18

I27
α

θ+α+β 18

I28
β

θ+γ
18
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Table 3. Cont.

Index Formula

Documents in Which the Index is Considered

Mental Strain Sensory and
Emotional Aspects Movement

I29
β+γ

δ
18

I30
α+β

γ
18

I31
α+γ
θ+δ

18

I32
θ+α

δ
18

I33
θ+β
α+γ

18

I34
β+γ
δ+θ

18

I35
δ+α
θ+γ

18

I36
θ+α

δ+β+γ
18

I37
α+β

δ+θ+γ
18

The analysis performed on included documents regarding indexes showed that several
times the indexes were normalized through a logarithm [62,66,69,73,84,90]. Moreover,
derived indexes were used for I1, I2, I3, I4, I5, I8, I9, I11, I16, I18, I21, I24, I25, I29, and I34.

Index I1, besides its basic form, is also used in derived forms: as I1(left)–I1(right) (where
‘left’ and ‘right’ refers to the position of electrodes on the two hemispheres); as α/β_high
(where β_high is the subsection of β in the frequency range 25–30 Hz, [51]); and as reciprocal
(1/I1). Furthermore, from I1 and its reciprocal form two involvement indexes, often defined
as ‘arousal index’ and ‘valence index’, are derived, specifically considering electrode
positions F3, F4, AF3, AF4. The possible forms of ‘arousal index’ and ‘valence index’ are:
I1(F3 + F4) (arousal); I1(AF3 + AF4 + F3 + F4) (arousal); 1/(I1(AF3 + AF4 + F3 + F4))
(arousal); 1/I1(F4)− I1(F3) (valence).

Index I2, besides its basic form, is also used in derived forms: βII/(α + θ) (where βII
is the subsection of β in the frequency range 20–50 Hz, [45]); using weights in the terms
((0.4·α + 0.6·θ)/0.5·β and (0.6·α + 0.4·θ)/0.5·β, [50]); and as reciprocal (1/I2).

Index I3, besides its basic form, is also used in derived forms: β1/θ (where β1 is the
subsection of β in the frequency range 16–20 Hz, [34]); as reciprocal (1/I3).

Index I11, besides its basic form, is also used in the derived form (θ + α)/10·γ1 (where
γ1 is the subsection of γ in the frequency range 31–39.75 Hz, [39]).

Indexes I4, I5, I9, I16, I18, I24, I25, I29, and I34, besides their basic forms, are also used as
reciprocals (1/I4, 1/I5, 1/I9, 1/I16, 1/I18, 1/I24, 1/I25, 1/I29, 1/I34).

Indexes I8 and I21 were found only in their derived forms: (α + β)/δ1 (where δ1 is
the subsection of δ in the frequency range 0.5–2 Hz, [65]) and (SMR + βmiddle)/θ (where
βmiddle is the subsection of βmiddle in the frequency range 16–20 Hz in [70], while it is not
specifically defined in [95]).

Table 2, together with Table 3, make evident that the same indexes are not always
computed considering the same electrodes. Moreover, sometimes the electrodes considered
and the modality through which they were combined (e.g., singularly and differently for
different EEG bands, or as sum or average) are not specified (or at least deducible) from
the study description. The electrodes used for index computation were not specified in
25 documents (30%), while how they are managed within the formula (e.g., whether the
EEG band spectral power is computed from one specific electrode, or from more electrodes
that are then summed or averaged) is not specified in 46 documents (56%).

Figure 5 shows the rate of use of each involvement index. In the computing of each
index rate, the derived forms were included.
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4. Discussion

The present review systematically examined the scientific literature about EEG-derived
ratio indexes used to assess the mental involvement of healthy human subjects, in order
to understand what they are, how they are defined and used, and what their best fields
of application are. Overall, 82 documents were included, confirming intense scientific
activity around this topic, considering that, based on the chosen exclusion criteria in
the document selection, our review focuses on a subsector of EEG-based assessment of
mental involvement. The first selection was based on the language and the document
type, excluding non-English documents, reviews and book chapters. The first choice relies
on the fact that the proper language of scientific literature is English. The exclusion of
book chapters relies on the wish to focus on research published in scientific journals. The
exclusion of reviews was consequent to a preliminary search in the literature and supported
by it. The research involved the application of the same query presented in the ‘Literature
search strategy and design’ section, but including only the reviews: they were evaluated
one by one to test the novelty of our approach [97–107]. Since they were not in line with the
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objectives of our research, we confirmed the utility of the present systematic review and we
decided to exclude them from the research. No limits were imposed for the publication year,
since an evaluation of the time trend for the use of involvement indexes was among our
purposes. As indicated by Pope et al., which was the first document on our chronologically
sorted list of documents (published in 1995), the first literature on EEG-based assessment of
attention and vigilance dated back to around 1990. As a consequence, before the evaluation
of the definition and use of EEG-based ratio indexes, we felt a preliminary observation on
their applicability nowadays was important, and Figure 2 clearly shows that, throughout
the years, there is a growing use rather than a decommissioning of these kinds of indexes.

The exclusion criteria were defined based on the objectives of the review. The choice
to include only human studies relies on the wish to collect documents describing scientific
studies carried out in real scenarios (or controlled conditions faithfully reproduced in
laboratory contexts), therefore not based solely on physiological knowledge, as studies
carried out using animal experiments could be. The decision to include only healthy subjects
with no known pathologies is linked to the fact that pathologies, especially ones affecting
the nervous system, could interfere with the physiological behavior of the brain with
respect to mental involvement. These conditions, as well as alterations in the psychological
state of the subject resulting from the intake of external substances, could represent a bias
in the correct interpretation of the functioning and role of the mental involvement index
considered. Therefore, these should be particular conditions of interest to be evaluated in
dedicated reviews. Furthermore, the conscious involvement of an individual occurs while
the subject is awake and not during sleep; therefore, studies on awake populations were
considered more suitable. The decision to focus on power spectral density depended on
the fact that it is one of the most traditional and consolidated brainwave characterization
features in terms of use and meaning. Finally, the choice to focus on studies that considered
the class of ratio EEG indexes is justified by the fact that different brainwaves can better
emphasize the brain condition of the subject than a single one.

Going deeper on this last aspect, the literature showed that it is possible to identify
three classes of indexes on the EEG: basic, burst and ratio ones. The basic indexes are
the relative power of the EEG frequency bands (i.e., the spectral power of each EEG
frequency band, δ, θ, α, β, and γ, normalized by the sum of all EEG frequency bands).
The burst indexes are set by counting the number of peaks over a certain threshold in
the EEG frequency band time trend. The ratio indexes are essentially defined as a ratio
of basic indexes [78]. In the approach of Pope [16], indexes coming from the same EEG
frequency band were also considered (specifically, α(T5 + P3)/α(Cz + Pz) and α(O1)/α(O2)),
and other authors use as involvement indexes the basic ones [27,46,68,78], but in the
literature a combined-brainwave approach seems to be preferred and more used [19,78].
In addition, the same Pope study concluded that index I2 (including three EEG bands)
reflected mental involvement in the considered context (working context) better than the
other index considered (i.e., I1, including two EEG bands, α(T5 + P3)/α(Cz + Pz) and
α(O1)/α(O2), both including only one EEG band) [16]. Thus, an integrated approach
should highlight a clearer recognition of mental involvement, since, in general, more
intense high-frequency EEG band power (α, β, and γ) and suppressed low-frequency EEG
band power (δ and θ) are both related to growing cognitive abilities [60].

In order to verify if some indexes are more used in particular contexts than in others,
documents were classified into three main categories, the same ones considered when
searching for proper keywords composing the research query: one context was related to the
influence of performing physical activity on mental attention and vigilance (synthetically
labelled as “movement”), another was related to the assessment of emotions and sensory
perception (synthetically labelled as “sensory and emotional aspects”), and the last was
related to mental strain, implying a brain status of attention and vigilance, and including
information processing and retention, for example, for the management of learning and
working tasks (synthetically labelled as “mental strain”). Most of the documents included
fell into the latter category, as there is an increasing interest from a research point of view in
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monitoring these aspects which, if excessive in daily life, can have negative consequences
on the quality of life of human beings. We would like to point out that, strictly speaking, a
document could cover several categories, since all the documents included fall within the
common theme of mental involvement, which often implies a mixture of cerebral reactions
such as mental fatigue and the onset of emotions. Our definition of categories was based
on the predominant aspect of each study, without the pretension of rigidly classifying each
study, because classes inevitably overlap. Therefore, we speak of qualitative classification.

Approximately half of the included documents enrolled in their studies small popula-
tions (less than 20 individuals), and this could prevent the possibility of generalization of the
obtained results. Statistical analyses were often made possible considering different epochs
throughout the experiment duration. Nevertheless, as Chen et al. observed, each person
has a subjective brain reaction while performing a task involving movement/emotion/high
vigilance [87]. Thus, finding a single index that can be used to monitor mental involvement
of a whole population is quite impossible. This partially justifies the use of many different
formulations (37) of the involvement indexes. The included documents also revealed a
small number of studies on specific age ranges. It would be interesting to have population
stratification of brain behavior based on the phases of life, which could be very different,
especially at the extremes, i.e., during the developmental age (up to about 20 years) and in
the elderly (over 60). Another relevant aspect that seems to be neglected in the included
documents is the consideration of brain lateralization, of which handedness is the most
evident reflection [20]. The left and right hemispheres of the human brain are dedicated to
different types of information processing, and much of our cognitive abilities are lateralized
more to one side or the other. Only 20% of included documents specified the preferred
hand, and among them, the whole population was right-handed. Thus, we decided not to
introduce an exclusion criterion based on handedness since the counterpart (left-handed
population) was in any case not represented.

Most of the used EEG acquisition devices were very-low-density or partially exploited
the available electrodes of the acquisition system. This is a remarkable aspect because
the application of involvement indexes is in general in daily life context, and thus testing
acquisition systems that can be easily accustomed outside the clinical and laboratory
environment is very useful. An example is the Emotiv Epoc System, used in approximately
40% of the involvement index-related documents included here from the last five years,
although the market continues to offer many wearable and user-friendly solutions in a
healthcare system that is increasingly evolving towards telemedicine.

The electrode positions used most frequently for computation of involvement indexes
are in the frontal and prefrontal lobes. They are selected especially when very few elec-
trodes are used for acquisition or when only some of the acquired electrodes are used
for involvement index computation. This is in accordance with what is known about
frontal/prefrontal neurology in the literature. Indeed, prefrontal areas are associated with
attentional and cognitive skills [66] and frontal areas seem to be related to analytical think-
ing, decision making and problem solving [25,38]. Particularly, the role of the prefrontal
cortex is guaranteed by its connection with other regions and its ability to integrate different
information sources, memory, and sensory systems [108]. Therefore, in an attempt to limit
the number of electrodes used, employing only the minimum necessary ones, literature
knowledge on neurophysiology confirms and validates the decision to calculate the indexes
of involvement in these areas of the cortex.

Among the many (37) indexes that were extracted from examining the 82 included
documents, the most frequently used are I1 (β/α), I2 (β/(α + θ)), I3 (β/θ), and I4 (θ/α),
including their derived forms. Many times, the involvement indexes are used through the
reciprocal formula. We decided to ascribe them the same role as the original formulas since
the information content is essentially the same. On the other hand, derived indexes given
by the subtraction of the same index computed at the left and right brain hemispheres are
related to evaluation of the asymmetry of the index, which may be justified by lateralization
of the brain.



Sensors 2023, 23, 5968 20 of 27

From evaluation of the included documents, we cannot outline a development trajec-
tory or clear direction towards the use of certain indexes rather than others because, even if
some documents define new ratio indexes (e.g., [18]), the more traditional ones (I1, I2, I3)
continue to prove efficient. The most frequent indexes (I1, I2, I3), even if introduced about
30 years ago, show increasing use over the years, faithfully reflecting the growing publi-
cations around this topic, while the less used (and new) indexes were mostly introduced
around 2018/2019.

This review pointed out research gaps in the lack of standardization of the defini-
tion of the frequency limits of EEG brainwaves (as well as their subsections), and in the
identification of the scalp area where EEG brainwaves have to be extracted. Indeed, while
there is standardization in the electrode montage through the international 10–20 system,
which is used by almost all the included documents, an analogous standardization was
not found in the definition of the extremes of the frequency band, and each researcher
used his/her own approach. Moreover, many times, it is not specified which electrodes
are considered for computation of the index, or if specified, the authors did not specify
how the power spectral densities of the extracted EEG brainwaves are combined (e.g., as
sum, as mean, etc.). These aspects prevent a real comparison among studies using the same
involvement index and, possibly, show different performances. Only when definition of the
indexes is unique in the description of the involved EEG brainwaves and in the considered
electrodes and following phases of EEG brainwave extraction and index computation, a
comparison among studies will be possible, allowing identification of the most suitable
and accurate indexes, possibly also in relation to the field of application. Besides these
observations, from this systematic review of the literature we cannot deduce that one index
is more used or more proper for a particular field of application, since indexes I1–I4 were
used in all those considered here. The prevalence of their use in the mental strain class can
be interpreted as due to a greater prevalence of studies in this category.

Providing a quantitative measurement of the accuracy of the identified indexes is
outside the aim of this review. Indeed, literature usually reports only the discriminatory
power of the algorithms of classification to which these indexes are given as inputs and not
the accuracy of the indexes per se.

Additionally, the use of some indexes involving the spectral power of high frequencies
in the EEG band is also conditioned by the sampling rates of the acquisition devices. Indeed,
as observed by Jebelli et al., wearable devices (to be preferred in involvement monitoring)
have low temporal resolution [68] and this limits the EEG frequency content.

Eventually, after analyzing the use of the 37 ratio indexes based on spectral EEG
brainwaves for the assessment of mental involvement reported here, it was not possible to
identify the most suitable ones for specific fields of application, nor a unique calculation
method for each of them, due to the lack of standardization. These findings highlight the
gaps in the literature, which will hopefully be filled by further studies, given the relevance
of the subject and the practical implications associated with it.

The main limitation of the present review is its reliance on the selection of only ratio
indexes based on spectral EEG brainwaves for the assessment of mental involvement.
Indeed, in the literature there are several kinds of involvement indexes and the ones
considered here are the most standard, and are supposed to amplify the differences among
the physiological statuses associated with single EEG brainwaves [78], which allowed us to
make in-depth evaluations, but do not necessarily represent the optimal ones.

5. Conclusions

The present systematic review provided an insight into the spectral EEG ratio indexes
used by scientific material published in the literature to assess mental involvement. A stan-
dardization in the definition of these indexes is missing, both in the considered frequency
bands and in the exploited electrodes. Future research may focus on the development of
indexes with a clear and unambiguous definition in order to guarantee the reproducibil-
ity and comparison of studies that use them to assess, monitor and characterize mental
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involvement. Possibly, it will then be possible to define the best indexes for a specific
application and context.
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Appendix A

Appendix A.1. Pubmed

(eeg [Title/Abstract] OR electroencephalogra* [Title/Abstract]) AND ((“movement*
control”[Title/Abstract]) OR (“movement* response”[Title/Abstract]) OR (“movement*
task*”[Title/Abstract]) OR (“motor control”[Title/Abstract]) OR (“motor task*” [Ti-
tle/Abstract]) OR (“motor response”[Title/Abstract]) OR (“language task*”[Title/Abstract])
OR (“language processing”[Title/Abstract]) OR (“language control”[Title/Abstract]) OR
(“sensory control”[Title/Abstract]) OR (“sensory task*”[Title/Abstract]) OR (“sensory re-
sponse”[Title/Abstract]) OR (emotion*[Title/Abstract]) OR (“mental state*”[Title/Abstract])
OR (“mental effort”[Title/Abstract]) OR (“mental fatigue”[Title/Abstract]) OR (“mental
task*”[Title/Abstract]) OR (“mental load”[Title/Abstract]) OR (“mental function*” [Ti-
tle/Abstract]) OR (“cognitive load”[Title/Abstract]) OR (“cognitive task*”[Title/Abstract])
OR (“cognitive effort”[Title/Abstract]) OR (“cognitive fatigue”[Title/Abstract]) OR (“cog-
nitive function*”[Title/Abstract]) OR (stress[Title/Abstract]) OR (“working memory” [Ti-
tle/Abstract]) OR (attention[Title/Abstract]) OR (vigilance[Title/Abstract])) AND ((wave* [Ti-
tle/Abstract]) OR (“frequency band*”[Title/Abstract]) OR (oscillation*[Title/Abstract])
OR (rhythm*[Title/Abstract]) OR (“frequency content”[Title/Abstract]) OR (“frequency
range”[Title/Abstract])) AND ((index* [Title/Abstract]) OR (indice*[Title/Abstract]) OR
(characterization [Title/Abstract]) OR (marker* [Title/Abstract])) NOT (animal* [Ti-
tle/Abstract]) NOT (stimul* [Title/Abstract]) NOT (disease* [Title/Abstract]) NOT (disor-
der* [Title/Abstract]) NOT (impairment [Title/Abstract]).

Appendix A.2. Scopus

(TITLE-ABS(eeg) OR TITLE-ABS(electroencephalogra*)) AND (TITLE-ABS(“movement*
control”) OR TITLE-ABS(“movement* response”) OR TITLE-ABS(“movement* task*”) OR
TITLE-ABS(“motor control”) OR TITLE-ABS(“motor task*”) OR TITLE-ABS(“motor re-
sponse”) OR TITLE-ABS(“language task*”) OR TITLE-ABS(“language processing”) OR
TITLE-ABS(“language control”) OR TITLE-ABS(“sensory control”) OR TITLE-ABS(“sensory
task*”) OR TITLE-ABS(“sensory response”) OR TITLE-ABS(emotion*) OR TITLE-ABS
(“mental state*”) OR TITLE-ABS(“mental effort”) OR TITLE-ABS(“mental fatigue”) OR
TITLE-ABS(“mental task*”) OR TITLE-ABS(“mental load”) OR TITLE-ABS(“mental func-
tion*”) OR TITLE-ABS(“cognitive load”) OR TITLE-ABS(“cognitive task*”) OR TITLE-
ABS(“cognitive effort”) OR TITLE-ABS(“cognitive fatigue”) OR TITLE-ABS(“cognitive func-
tion*”) OR TITLE-ABS(stress) OR TITLE-ABS(“working memory”) OR TITLE-ABS(attention)
OR TITLE-ABS(vigilance)) AND (TITLE-ABS(wave*) OR TITLE-ABS(“frequency band*”)
OR TITLE-ABS(oscillation*) OR TITLE-ABS(rhythm*) OR TITLE-ABS(“frequency content”)
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OR TITLE-ABS(“frequency range”)) AND (TITLE-ABS(index*) OR TITLE-ABS(indice*) OR
TITLE-ABS(characterization) OR TITLE-ABS( marker*)) AND NOT (TITLE-ABS(animal*))
AND NOT (TITLE-ABS(stimul*)) AND NOT (TITLE-ABS(disease*)) AND NOT (TITLE-
ABS(disorder*)) AND NOT (TITLE-ABS(impairment)).

Appendix A.3. Web of Science

(TI=(eeg) OR AB=(eeg) OR TI=(electroencephalogra*) OR AB=(electroencephalogra*))
AND (TI=(“movement* control”) OR AB=(“movement* control “) OR TI=(“movement* re-
sponse”) OR AB=(“movement* response”) OR TI=(“movement* task*”) OR AB=(“movement*
task*”) OR TI=(“motor control”) OR AB=(“motor control”) OR TI=(“motor task*”) OR
AB=(“motor task*”) OR TI=(“motor response”) OR AB=(“motor response”) OR TI=(“language
task*”) OR AB=(“language task*”) OR TI=(“language processing”) OR AB=(“language
processing”) OR TI=(“language control”) OR AB=(“language control”) OR TI=(“sensory
control”) OR AB=(“sensory control”) OR TI=(“sensory task*”) OR AB=(“sensory task*”) OR
TI=(“sensory response”) OR AB=(“sensory response”) OR TI=(emotion*) OR AB=(emotion*)
OR TI=(“mental state*”) OR AB=(“mental state*”) OR TI=(“mental effort”) OR AB=(“mental
effort”) OR TI=(“mental fatigue”) OR AB=(“mental fatigue”) OR TI=(“mental task*”) OR
AB=(“mental task*”) OR TI=(“mental load”) OR AB=(“mental load”) OR TI=(“mental
function*”) OR AB=(“mental function*”) OR TI=(“cognitive load”) OR AB=(“cognitive
load”) OR TI=(“cognitive task*”) OR AB=(“cognitive task*”) OR TI=(“cognitive effort”)
OR AB=(“cognitive effort”) OR TI=(“cognitive fatigue”) OR AB=(“cognitive fatigue”) OR
TI=(“cognitive function*”) OR AB=(“cognitive function*”) OR TI=(stress) OR AB=(stress)
OR TI=(“working memory”) OR AB=(“working memory”) OR TI=(attention) OR
AB=(attention) OR TI=(vigilance) OR AB=(vigilance)) AND (TI=(wave*) OR AB=(wave*)
OR TI=(“frequency band*”) OR AB= (“frequency band”) OR TI=(oscillation*) OR
AB=(oscillation*) OR TI=(rhythm*) OR AB=(rhythm*) OR TI=(“frequency content”) OR
AB=(“frequency content”) OR TI=(“frequency range”) OR AB=(“frequency range”)) AND
(TI=(index*) OR AB=(index*) OR TI=(indice*) OR AB=(indice*) OR TI=(characterization)
OR AB=(characterization) OR TI=(marker*) OR AB=(marker*)) NOT (TI=(animal*) OR
AB=(animal*) OR TI=(disorder*) OR AB=(disorder*) OR TI=(stimul*) OR AB=(stimul*) OR
TI=(disease*) OR AB=(disease*) OR TI=(impairment) OR AB=(impairment)).

Appendix A.4. IEEE Explore

(((((“Document Title”:eeg OR “Document Title”:electroecephalogra*) AND (“Docu-
ment Title”:”movement control” OR “Document Title”:”movements control” OR “Doc-
ument Title”:”movement response” OR “Document Title”:”movements response” OR
“Document Title”:”movement task” OR “Document Title”:”movements task” OR “Docu-
ment Title”:”movement tasks” OR “Document Title”:”movements tasks” OR “Document
Title”:”motor control” OR “Document Title”:”motor task” OR “Document Title”:”motor
tasks” OR “Document Title”:”motor response” OR “Document Title”:”language task”
OR “Document Title”:”language tasks” OR “Document Title”:”language processing” OR
“Document Title”:”language control” OR “Document Title”:”sensory control” OR “Doc-
ument Title”:”sensory task” OR “Document Title”:”sensory tasks” OR “Document Ti-
tle”:”sensory response” OR “Document Title”:emotion OR “Document Title”:emotions
OR “Document Title”:”mental state” OR “Document Title”:”mental states” OR “Docu-
ment Title”:”mental effort” OR “Document Title”:”mental fatigue” OR “Document Ti-
tle”:”mental task” OR “Document Title”:”mental tasks” OR “Document Title”:”mental
load” OR “Document Title”:”mental function” OR “Document Title”:”mental functions”
OR “Document Title”:”cognitive load” OR “Document Title”:”cognitive task” OR “Doc-
ument Title”:”cognitive tasks” OR “Document Title”:”cognitive effort” OR “Document
Title”: “cognitive fatigue” OR “Document Title”:”cognitive function” OR “Document Ti-
tle”:”cognitive functions” OR “Document Title”:stress OR “Document Title”:”working
memory” OR “Document Title”:attention OR “Document Title”:vigilance) AND (“Doc-
ument Title”:wave OR “Document Title”:waves OR “Document Title”:”frequency band”
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OR “Document Title”:”frequency bands” OR “Document Title”:oscillation OR “Document
Title”:oscillations OR “Document Title”:rhythm OR “Document Title”:rhythms OR “Docu-
ment Title”:”frequency content” OR “Document Title”:”frequency range”) AND (“Docu-
ment Title”:index* OR “Document Title”:indice* OR “Document Title”:marker OR “Docu-
ment Title”:markers OR “Document Title”:characterization)) OR ((“Abstract”:eeg OR “Ab-
stract”:electroecephalogra*) AND (“Abstract”:”movement control” OR “Abstract”: ”move-
ments control” OR “Abstract”:”movement response” OR “Abstract”:”movements response”
OR “Abstract”:”movement task” OR “Abstract”:”movements task” OR “Abstract”:” move-
ment tasks” OR “Abstract”:”movements tasks” OR “Abstract”:”motor control” OR “Ab-
stract”:”motor task” OR “Abstract”:”motor tasks” OR “Abstract”:”motor response” OR
“Abstract”:”language task” OR “Abstract”:”language tasks” OR “Abstract”:”language
processing” OR “Abstract”:”language control” OR “Abstract”:”sensory control” OR “Ab-
stract”:”sensory task” OR “Abstract”:”sensory tasks” OR “Abstract”:”sensory response”
OR “Abstract”:emotion OR “Abstract”:emotions OR “Abstract”:”mental state” OR “Ab-
stract”:”mental states” OR “Abstract”:”mental effort” OR “Abstract”:”mental fatigue” OR
“Abstract”:”mental task” OR “Abstract”:”mental tasks” OR “Abstract”:”mental load” OR
“Abstract”:”mental function” OR “Abstract”:”mental functions” OR “Abstract”:”cognitive
load” OR “Abstract”:”cognitive task” OR “Abstract”:”cognitive tasks” OR “Abstract”:” cog-
nitive effort” OR “Abstract”: “cognitive fatigue” OR “Abstract”:”cognitive function”
OR “Abstract”:”cognitive functions” OR “Abstract”:stress OR “Abstract”:”working mem-
ory” OR “Abstract”:attention OR “Abstract”:vigilance) AND (“Abstract”:wave OR “Ab-
stract”:waves OR “Abstract”:”frequency band” OR “Abstract”:”frequency bands” OR “Ab-
stract”:oscillation OR “Abstract”:oscillations OR “Abstract”:rhythm OR “Abstract”:rhythms
OR “Abstract”:”frequency content” OR “Abstract”:”frequency range”) AND (“Abstract”: in-
dex* OR “Abstract”:indice* OR “Abstract”:marker OR “Abstract”:markers OR “Ab-
stract”:characterization))) NOT (“Document Title”:animal OR “Abstract”:animal OR “Doc-
ument Title”:animals OR “Abstract”:animals) NOT (“Document Title”:stimul* OR “Ab-
stract”:stimul*) NOT (“Document Title”:disease OR “Abstract”:disease OR “Document
Title”:diseases OR “Abstract”:diseases) NOT (“Document Title”:disorder OR “Document
Title”:disorders OR “Abstract”:disorder OR “Abstract”:disorders) NOT (“Document Ti-
tle”:impairment))).
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Industrial Environment—Integrating Mobile EEG and Kinect for Cognitive State Detection of a Worker. In Augmented Cog-
nition. Neurocognition and Machine Learning, Proceedings of 11th International Conference, AC 2017, Held as Part of HCI Interna-
tional 2017, Vancouver, BC, Canada, 9–14 July 2017; Schmorrow, D., Fidopiastis, C., Eds.; Springer: Cham, Switzerland, 2017;
Volume 10284, p. 10284. [CrossRef]

49. bin Abdul Rashid, N.; Taib, M.N.; Lias, S.; Sulaiman, N.; Murat, Z.H.; Abdul Kadir, R.S.S. Determination of Vigilance-Bound
Learning Style Based on EEG. In Proceedings of the 2012 International Conference on Biomedical Engineering (ICoBE), Penang,
Malaysia, 27–28 February 2012. [CrossRef]

50. Punsawad, Y.; Aempedchr, S.; Wongsawat, Y.; Parnichkun, M. EEG-Based Mental Fatigue Alarm System Using Weighted-
Frequency Index. In Proceedings of the 2nd Asia-Pacific Signal and Information Processing Association Annual Summit and
Conference, APSIPA ASC 2010, Singapore, 14–17 December 2010; pp. 193–196.

51. Babiker, A.; Faye, I.; Malik, A. A Physiological Index for Situational Interest in Classroom Settings Using EEG (Preliminary Result).
In Proceedings of the TENCON 2017—2017 IEEE Region 10 Conference, Penang, Malaysia, 5–8 November 2017. [CrossRef]

52. Wu, E.Q.; Peng, Z.; Lin, S.F. Pilots’ Fatigue Status Recognition Using Deep Contractive Autoencoder Transactions on Instrumenta-
tion and Measurement. IEEE Trans. Instrum. Meas. 2019, 68, 3907–3919. [CrossRef]

53. Aliyari, H.; Sahraei, H.; Golabi, S.; Kazemi, M.; Daliri, M.R.; Minaei-Bidgoli, B. The Effect of Brain Teaser Games on the Attention
of Players Based on Hormonal and Brain Signals Changes. Basic. Clin. Neurosci. 2021, 12, 587–596. [CrossRef]

54. Al-Nafjan, A.; Hosny, M.; Al-Wabil, A.; Al-Ohali, Y. Classification of Human Emotions from Electroencephalogram (EEG) Signal
using Deep Neural Network. Int. J. Adv. Comput. Sci. Appl. 2017, 8, 419–425. [CrossRef]

55. Jebelli, H.; Mahdi Khalili, M.; Lee, S. A Continuously Updated, Computationally Efficient Stress Recognition Framework Using
Electroencephalogram (EEG) by Applying Online Multitask Learning Algorithms (OMTL). IEEE J. Biomed. Health Inform. 2004,
23, 1928–1939. [CrossRef] [PubMed]

56. Xia, L.; Malik, A.S.; Subhani, A.R. A Physiological Signal-Based Method for Early Mental-Stress Detection. Biomed Signal Process
Control 2018, 46, 18–32. [CrossRef]

57. Freeman, F.G.; Mikulka, P.G.; Scerbo, M.W.; Scott, L. An Evaluation of an Adaptive Automation System Using a Cognitive
Vigilance Task. Biol. Psychol. 2004, 67, 283–297. [CrossRef] [PubMed]

58. Nielsen, B.; Hyldig, T.; Bidstrup, F.; González-Alonso, J.; Christoffersen, G.R.J. Brain Activity and Fatigue during Prolonged
Exercise in the Heat. Pflügers Arch. 2001, 442, 41–48. [CrossRef]

59. Aliyari, H.; Sahraei, H.; Erfani, M.; Mohammadi, M.; Kazemi, M.; Daliri, M.R.; Minaei-Bidgoli, B.; Agaei, H.; Sahraei, M.; Seyed
Hosseini, S.M.A.; et al. Changes in Cognitive Functions Following Violent and Football Video Games in Young Male Volunteers
by Studying Brain Waves. Basic Clin. Neurosci. 2020, 11, 279–288. [CrossRef] [PubMed]

60. Nagendra, H.; Kumar, V.; Mukherjee, S. Cognitive Behavior Evaluation Based on Physiological Parameters among Young Healthy
Subjects with Yoga as Intervention. Comput. Math. Methods Med. 2015, 2015, 821061. [CrossRef]

61. Ramirez, R.; Vamvakousis, Z. Detecting Emotion from EEG signals using the Emotive EPOC device. In International Conference on
Brain Informatics; Springer: Berlin/Heidelberg, Germany, 2012; pp. 175–184. [CrossRef]

62. Angelidis, A.; Hagenaars, M.; van Son, D.; van der Does, W.; Putman, P. Do Not Look Away! Spontaneous Frontal EEG Theta/Beta
Ratio as a Marker for Cognitive Control over Attention to Mild and High Threat. Biol. Psychol. 2018, 135, 8–17. [CrossRef]

63. Simon, M.; Schmidt, E.A.; Kincses, W.E.; Fritzsche, M.; Bruns, A.; Aufmuth, C.; Bogdan, M.; Rosenstiel, W.; Schrauf, M. EEG
Alpha Spindle Measures as Indicators of Driver Fatigue under Real Traffic Conditions. Clin. Neurophysiol. 2011, 122, 1168–1178.
[CrossRef]

https://doi.org/10.11113/jurnalteknologi.v83.16750
https://doi.org/10.1145/3439231.3440604
https://doi.org/10.20485/jsaeijae.11.3_124
https://www.ncbi.nlm.nih.gov/pubmed/37359192
https://doi.org/10.18178/ijiet.2019.9.10.1287
https://doi.org/10.1016/j.buildenv.2019.05.012
https://doi.org/10.18260/1-2--32770
https://doi.org/10.1108/IJCS-09-2018-0022
https://doi.org/10.3389/fpsyg.2018.00459
https://doi.org/10.1007/978-3-319-58628-1_6
https://doi.org/10.1109/ICoBE.2012.6179061
https://doi.org/10.1109/TENCON.2017.8228330
https://doi.org/10.1109/TIM.2018.2885608
https://doi.org/10.32598/bcn.2021.724.9
https://doi.org/10.14569/IJACSA.2017.080955
https://doi.org/10.1109/JBHI.2018.2870963
https://www.ncbi.nlm.nih.gov/pubmed/30235150
https://doi.org/10.1016/j.bspc.2018.06.004
https://doi.org/10.1016/j.biopsycho.2004.01.002
https://www.ncbi.nlm.nih.gov/pubmed/15294387
https://doi.org/10.1007/s004240100515
https://doi.org/10.32598/bcn.9.10.335
https://www.ncbi.nlm.nih.gov/pubmed/32963721
https://doi.org/10.1155/2015/821061
https://doi.org/10.1007/978-3-642-35139-6_17
https://doi.org/10.1016/j.biopsycho.2018.03.002
https://doi.org/10.1016/j.clinph.2010.10.044


Sensors 2023, 23, 5968 26 of 27

64. Vourvopoulos, A.; Bermudez, B.S.; Liarokapis, F. EEG correlates of video game experience and user profile in motor-imagery-based
brain–computer interaction. Vis. Comput. 2017, 33, 533–546. [CrossRef]

65. Kar, S.; Bhagat, M.; Routray, A. EEG signal analysis for the assessment and quantification of driver’s fatigue. Transp. Res. Part F
Traffic Psychol. Behav. 2010, 13, 297–306. [CrossRef]

66. Putman, P.; Verkuil, B.; Arias-Garcia, E.; Pantazi, I.; Van Schie, C. EEG theta/beta ratio as a potential biomarker for attentional
control and resilience against deleterious effects of stress on attention. Cogn. Affect. Behav. Neurosci. 2014, 2, 782–791. [CrossRef]
[PubMed]

67. Chen, C.; Li, K.; Wu, Q.; Wang, H.; Qian, Z.; Sudlow, G. EEG-based detection and evaluation of fatigue caused by watching 3DTV.
Displays 2013, 34, 81–88. [CrossRef]

68. Jebelli, H.; Hwang, S.; Lee, S. EEG-based workers’ stress recognition at construction sites. Autom. Constr. 2018, 93, 315–324.
[CrossRef]

69. Tanaka, M.; Shigihara, Y.; Ishii, A. Effect of mental fatigue on the central nervous system: An electroencephalography study.
Behav. Brain Funct. 2012, 8, 48. [CrossRef]

70. Choi, Y.; Kim, M.; Chun, C. Effect of temperature on attention ability based on electroencephalogram measurements. Build.
Environ. 2019, 147, 299–304. [CrossRef]

71. Wen, T.Y.; Bani, N.A.; Muhammad-Sukki, F.; Mohd-Aris, S.A. Electroencephalogram (EEG) human stress level classification based
on theta/beta ratio. Int. J. Integr. Eng. 2020, 12, 174–180. [CrossRef]

72. Fan, X.; Zhou, Q.; Liu, Z.; Xie, F. Electroencephalogram assessment of mental fatigue in visual search. Biomed. Mater. Eng. 2015,
26, S1455–S1463. [CrossRef]

73. Holm, A.; Lukander, K.; Korpela, J.; Sallinen, M.; Müller, K.M. Estimating brain load from the EEG. Sci. World J. 2009, 9, 639–651.
[CrossRef] [PubMed]

74. Zhang, C.; Yu, X. Estimating mental fatigue based on electroencephalogram and heart rate variability. Pol. J. Med. Phys. Eng. 2011,
16, 67–84. [CrossRef]

75. Freeman, F.G.; Mikulka, P.J.; Prinzel, L.J.; Scerbo, M.W. Evaluation of an adaptive automation system using three EEG indices
with a visual tracking task. Biol. Psychol. 1999, 50, 61–76. [CrossRef] [PubMed]

76. Wan, W.; Cui, X.; Gao, Z.; Gu, Z. Frontal EEG-Based Multi-Level Attention States Recognition Using Dynamical Complexity and
Extreme Gradient Boosting. Front. Hum. Neurosci. 2021, 15, 673955. [CrossRef] [PubMed]

77. Xing, X.; Zhong, B.; Luo, H.; Rose, T.; Li, J.; Antwi-Afari, M.F. Effects of physical fatigue on the induction of mental fatigue of
construction workers: A pilot study based on a neurophysiological approach. Autom. Constr. 2020, 120, 103381. [CrossRef]

78. Eoh, H.J.; Chung, M.K.; Kim, S.H. Electroencephalographic study of drowsiness in simulated driving with sleep deprivation. Int.
J. Ind. Ergon. 2005, 35, 307–320. [CrossRef]

79. Freeman, F.G.; Mikulka, P.J.; Scerbo, M.W.; Prinzel, L.J.; Clouatre, K. Evaluation of a psychophysiologically controlled adaptive
automation system, using performance on a tracking task. Appl. Psychophysiol. Biofeedback 2000, 25, 103–115. [CrossRef]

80. Li, W.; He, Q.-C.; Fan, X.-M.; Fei, Z.-M. Evaluation of driver fatigue on two channels of EEG data. Neurosci. Lett. 2012, 506, 235–239.
[CrossRef]

81. He, Q.; Li, W.; Fan, X.; Fei, Z. Evaluation of driver fatigue with multi-indicators based on artificial neural network. Intell. Transp.
Syst. 2016, 10, 555–561. [CrossRef]

82. Huang, J.; Yu, C.; Wang, Y.; Zhao, Y.; Liu, S.; Mo, C.; Liu, J.; Zhang, L.; Shi, Y. FOCUS: Enhancing children’s engagement in
reading by using contextual BCI training sessions. In Proceedings of the SIGCHI Conference on Human Factors in Computing
Systems (CHI ’14), New York, NY, USA, 26 April 2014. [CrossRef]

83. Andujar, M.; Gilbert, J.E. Let’s learn!: Enhancing user’s engagement levels through passive brain-computer interfaces. In
Proceedings of the CHI ’13 Extended Abstracts on Human Factors in Computing Systems, Paris, France, 27 April–2 May 2013.

84. Hwang, S.; Jebelli, H.; Choi, B.; Choi, M.C.; Lee, S. Measuring Workers’ Emotional State during Construction Tasks Using
Wearable EEG. J. Constr. Eng. Manag. 2018, 144, 04018050. [CrossRef]

85. Szafir, D.; Mutlu, B. Pay attention! Designing adaptive agents that monitor and improve user engagement. In Proceedings of the
CHI ’12: Proceedings of the SIGCHI Conference on Human Factors in Computing Systems, Austin, TE, USA, 5–10 May 2012.
[CrossRef]

86. Liu, N.H.; Chiang, C.Y.; Chu, H.C. Recognizing the degree of human attention using EEG signals from mobile sensors. Sensors
2013, 13, 10273–10286. [CrossRef]

87. Chen, J.R.; Song, X.; Xiaowei, L. Revealing the ’Invisible Gorilla’ in Construction: Assessing Mental Workload through Time-
Frequency Analysis. In Proceedings of the 32nd International Symposium on Automation and Robotics in Construction, Oulu,
Finland, 15–18 June 2015. [CrossRef]

88. Khedher, A.; Jraidi, I.; Frasson, C. Tracking Students’ Mental Engagement Using EEG Signals during an Interaction with a Virtual
Learning Environment. J. Intell. Learn. Syst. Appl. 2019, 11, 111001. [CrossRef]

89. Jap, B.T.; Lal, S.; Fischer, P.; Bekiaris, E. Using EEG spectral components to assess algorithms for detecting fatigue. Expert Syst.
Appl. 2009, 36, 2352–2359. [CrossRef]

90. Morillas-Romero, A.; Tortella-Feliu, M.; Bornas, X.; Putman, P. Spontaneous EEG theta/beta ratio and delta-beta coupling in
relation to attentional network functioning and self-reported attentional control. Cogn. Affect. Behav. Neurosci. 2015, 15, 598–606.
[CrossRef] [PubMed]

https://doi.org/10.1007/s00371-016-1304-2
https://doi.org/10.1016/j.trf.2010.06.006
https://doi.org/10.3758/s13415-013-0238-7
https://www.ncbi.nlm.nih.gov/pubmed/24379166
https://doi.org/10.1016/j.displa.2013.01.002
https://doi.org/10.1016/j.autcon.2018.05.027
https://doi.org/10.1186/1744-9081-8-48
https://doi.org/10.1016/j.buildenv.2018.10.020
https://doi.org/10.30880/ijie.2020.12.06.020
https://doi.org/10.3233/BME-151444
https://doi.org/10.1100/tsw.2009.83
https://www.ncbi.nlm.nih.gov/pubmed/19618092
https://doi.org/10.2478/v10013-010-0007-7
https://doi.org/10.1016/S0301-0511(99)00002-2
https://www.ncbi.nlm.nih.gov/pubmed/10378439
https://doi.org/10.3389/fnhum.2021.673955
https://www.ncbi.nlm.nih.gov/pubmed/34140885
https://doi.org/10.1016/j.autcon.2020.103381
https://doi.org/10.1016/j.ergon.2004.09.006
https://doi.org/10.1023/A:1009566809021
https://doi.org/10.1016/j.neulet.2011.11.014
https://doi.org/10.1049/iet-its.2015.0021
https://doi.org/10.1145/2556288.2557339
https://doi.org/10.1061/(ASCE)CO.1943-7862.0001506
https://doi.org/10.1145/2207676.2207679
https://doi.org/10.3390/s130810273
https://doi.org/10.22260/ISARC2015/0104
https://doi.org/10.4236/jilsa.2019.111001
https://doi.org/10.1016/j.eswa.2007.12.043
https://doi.org/10.3758/s13415-015-0351-x
https://www.ncbi.nlm.nih.gov/pubmed/25860658


Sensors 2023, 23, 5968 27 of 27

91. Jagannath, M.; Venkatesh, B. Assessment of early onset of driver fatigue using multimodal fatigue measures in a static simulator.
Appl. Ergon. 2014, 45, 1140–1147. [CrossRef]

92. Egner, T.; Strawson, E.; Gruzelier, J.H. EEG signature and phenomenology of alpha/theta neurofeedback training versus mock
feedback. Appl. Psychophysiol. Biofeedback 2002, 4, 261–270. [CrossRef]

93. Lei, C.; Jie, L.; Yaoru, S.; Huaping, Z.; Chungang, Y. EEG-based vigilance analysis by using fisher score and PCA algorithm. In Pro-
ceedings of the IEEE International Conference on Progress in Informatics and Computing, Shanghai, China, 10–12 December 2010.
[CrossRef]

94. Giraldo, S.; Ramirez, R. Brain-Activity-Driven Real-Time Music Emotive Control. In Proceedings of the 3rd International
Conference on Music & Emotion (ICME3), Jyväskylä, Finland, 11–15 June 2013. [CrossRef]

95. Shim, B.-S.; Lee, S.W.; Shin, J.-H. Implementation of a 3-Dimensional Game for developing balanced Brainwave. In Proceedings
of the 5th ACIS International Conference on Software Engineering Research, Management & Applications (SERA 2007), Busan,
Korea, 20–22 August 2007. [CrossRef]

96. Liu, Y.; Ma, W.; Guo, X.; Lin, X.; Wu, C.; Zhu, T. Impacts of Color Coding on Programming Learning in Multimedia Learning:
Moving Toward a Multimodal Methodology. Front. Psychol. 2021, 12, 773328. [CrossRef]

97. Chikhi, S.; Matton, N.; Blanchet, S. EEG power spectral measures of cognitive workload: A meta-analysis. Psychophysiology 2022,
59, e14009. [CrossRef]

98. Glassman, R.B. Hypothesized neural dynamics of working memory: Several chunks might be marked simultaneously by
harmonic frequencies within an octave band of brain waves. Brain Res. Bull. 1999, 50, 77–93. [CrossRef] [PubMed]

99. Bazanova, O.M.; Vernon, D. Interpreting EEG alpha activity. Neurosci. Biobehav. Rev. 2014, 44, 94–110. [CrossRef] [PubMed]
100. Gruzelier, J.H. EEG-neurofeedback for optimising performance. I: A review of cognitive and affective outcome in healthy

participants. Neurosci. Biobehav. Rev. 2014, 44, 124–141. [CrossRef] [PubMed]
101. Lee, K.H.; Egan, T.D.; Johnson, K.B. Raw and processed electroencephalography in modern anesthesia practice: A brief primer on

select clinical applications. Korean J. Anesthesiol. 2021, 74, 465–477. [CrossRef] [PubMed]
102. Eveson, L.; Vizcaychipi, M.; Patil, S. Role of bispectral index monitoring and burst suppression in prognostication following

out-of-hospital cardiac arrest: A systematic review protocol. Syst. Rev. 2017, 6, 191. [CrossRef] [PubMed]
103. Junghöfer, M.; Peyk, P.; Flaisch, T.; Schupp, H.T. Neuroimaging methods in affective neuroscience: Selected methodological

issues. Prog. Brain Res. 2006, 156, 123–143. [CrossRef]
104. Jurado-Barba, R.; Sion, A.; Martínez-Maldonado, A.; Domínguez-Centeno, I.; Prieto-Montalvo, J.; Navarrete, F.; García-

Gutierrez, M.S.; Manzanares, J.; Rubio, G. Neuropsychophysiological Measures of Alcohol Dependence: Can We Use EEG
in the Clinical Assessment? Front. Psychiatry 2020, 11, 676. [CrossRef]

105. Anokhin, A.P. Genetic psychophysiology: Advances, problems, and future directions. Int. J. Psychophysiol. 2014, 93, 173–197.
[CrossRef]

106. Chin, F.; Chou, R.; Waqas, M.; Vakharia, K.; Rai, H.; Levy, E.; Holmes, D. Efficacy of prayer in inducing immediate physiological
changes: A systematic analysis of objective experiments. J. Complement. Integr. Med. 2021, 18, 679–684. [CrossRef]

107. Viirre, E.S. Quantitative electroencephalography for tinnitus—A means for data collection, analysis, and translation. Int. Tinnitus
J. 2009, 15, 149–153.

108. de Souza, L.C.; Guimarães, H.C.; Teixeira, A.L.; Caramelli, P.; Levy, R.; Dubois, B.; Volle, E. Frontal lobe neurology and the creative
mind. Front. Psychol. 2014, 5, 761. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1016/j.apergo.2014.02.001
https://doi.org/10.1023/A:1021063416558
https://doi.org/10.1109/PIC.2010.5687413
https://doi.org/10.3217/978-3-85125-260-6-68
https://doi.org/10.1109/SERA.2007.94
https://doi.org/10.3389/fpsyg.2021.773328
https://doi.org/10.1111/psyp.14009
https://doi.org/10.1016/S0361-9230(99)00090-8
https://www.ncbi.nlm.nih.gov/pubmed/10535328
https://doi.org/10.1016/j.neubiorev.2013.05.007
https://www.ncbi.nlm.nih.gov/pubmed/23701947
https://doi.org/10.1016/j.neubiorev.2013.09.015
https://www.ncbi.nlm.nih.gov/pubmed/24125857
https://doi.org/10.4097/kja.21349
https://www.ncbi.nlm.nih.gov/pubmed/34425639
https://doi.org/10.1186/s13643-017-0584-6
https://www.ncbi.nlm.nih.gov/pubmed/28946920
https://doi.org/10.1016/S0079-6123(06)56007-8
https://doi.org/10.3389/fpsyt.2020.00676
https://doi.org/10.1016/j.ijpsycho.2014.04.003
https://doi.org/10.1515/jcim-2020-0075
https://doi.org/10.3389/fpsyg.2014.00761

	Introduction 
	Materials and Methods 
	Literature Search Strategy and Design 
	Selection of Documents 
	Collection of Information 
	Quality Appraisal 

	Results 
	Discussion 
	Conclusions 
	Appendix A
	Pubmed 
	Scopus 
	Web of Science 
	IEEE Explore 

	References

