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Abstract. Physiological monitoring of the operator’s current state has gained
much attention in aviation research, especially for the development of adaptive
assistance systems. In order to tailor the assistance to the human operator’s current
needs, these systems need to be informed about their operator’s state. Physiolog-
ical data can provide such information objectively, continuously and almost in
real-time. Using electroencephalography (EEG) band power analyses, changing
cortical activation can be detected and inferences about cognitive states drawn.
In addition, the combination of band powers into indices is sometimes used to
enhance sensitivity. In the current work, we compared the sensitivity of two indices
commonly used for mental workload (MWL) assessment, the Task Load Index
(TLI) and the Engagement Index (EI), against each other and with single band
powers. We computed the TLI and EI from the datasets of two flight simulator
studies that induced MWL while controlling for mental fatigue (MF) (N = 35)
and vice versa (N = 31). We hypothesized that both TLI and EI would increase
with MWL, but would not vary with MF. Additionally, according to the literature,
TLI and EI should be more sensitive to changes in MWL than single bands. The
TLI increased with increasing MWL, but proved less sensitive than theta band
power alone. It did not vary with increasing MF. The EI did not vary with MWL,
but decreased slightly with MF. We conclude that the usefulness and sensitivity of
EEG indices is not universal, but varies considerably across studies and most likely
experimental tasks. Therefore, the choice of an EEG feature should be made care-
fully. Especially in automated systems developed to monitor the operator’s state,
EEG features should not be used blindly as a seemingly valid data source, but
always empirically validated with respect to their sensitivity.
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1 Introduction

In aviation, there has always been a trend towards higher levels of automation. Right
from the beginning of powered flight, there have been approaches to automate functions
in order to decrease the demand that is put on the pilot. From simple stabilization
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mechanisms that controlled roll and pitch of the aircraft to automated approaches and
landings using an Instrument Landing System (ILS) to fly-by-wire systems that keep the
aircraft within its safe operation envelope, this trend has continued all throughout the
20th and 21st century [1, 2]. Today, research and industry work on even more advanced
systems that can adapt flexibly to the situation or the needs of the pilot. Such adaptive or
even artificial-intelligence based systems could one day replace the co-pilot and enable
so-called single pilot operations [2].

Even with the help of automation, flying an aircraft is still a complex, cognitively
demanding task. Cognitive resources, however, are limited and pose a boundary to the
pilot’s capabilities [3]. The extent to which the cognitive resources are occupied by the
task is defined as mental workload (MWL) [4]. An easy task that does not require many
resources elicits only low MWL, whereas a difficult task elicits higher levels of MWL.
Both extremes should be avoided to ensure optimal performance [5]: Too high MWL
will drain the limited cognitive resources and lead to performance decline and errors. Too
low MWL, on the other hand, will lead to boredom and distraction, and will negatively
impact performance just as well. Besides MWL, other factors such as mental fatigue
(MF) can have an impact on the pilot’s performance. MF results from long periods of
task execution, and is characterized by reduced alertness and the unwillingness to expend
further effort [6]. If not counteracted in time, MF can transition into sleepiness.

An adaptive or intelligent assistance system could help to keep the pilot’s MWL at
an optimal level, and could intervene before MF increases to an unwanted extent. The
assistance system could for example relieve the pilot of some tasks if they are over-
loaded, or ask them to take a break and take over completely. It could also give tasks
back to manual control if the pilot is underloaded and in danger of getting too distracted.
However, there is one problem that still needs to be solved. In order to accurately tai-
lor the assistance to the pilot’s current needs, the system needs to be informed about
their state. Ideally, this information is valid, objective and available in (near-) real-time.
Physiological measurement can provide such data — provided that the measures used are
indeed valid indications of the pilot’s state.

Especially for cognitive factors such as MWL, electroencephalography (EEG) has
been the physiological assessment method of choice [7, 8]. EEG records the electrical
activity of the brain via electrodes placed on the scalp. From these raw data, information
about the frequencies present in the signal can be extracted. Different frequency bands
have been defined and associated with different brain functions and cortical activity
(from low to high: delta, theta, alpha, beta, and gamma frequencies). By performing
spectral analyses on the gathered data and comparing the composition of the EEG signal
between tasks or to a baseline measurement, conclusions can be drawn to the changing
cortical activation and cognitive states. For example, increasing MWL usually results
in increasing activity in the theta band at frontal cortical areas [9-11], and decreasing
activity in the alpha and beta bands at parietal areas [12, 13]. Unfortunately, brain activity
is complex and the frequencies captured by the EEG are mere approximations of the
underlying processes. Moreover, different frequency bands are associated with more
than one function. They thus vary with different influencing factors such as MWL or
MF, and interactions between these factors are seldom controlled for [11]. As aresult, the
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sensitivity of the EEG features varies across studies and there is still a lack of consensus
on the best EEG features to validly measure each cognitive state.

In addition to the investigation of single band powers, the combination of multiple
frequency bands into indices (e.g. by adding or dividing powers of multiple frequency
bands and electrodes) is used to enhance the sensitivity of the single band powers. This
way, indices are built to emphasize certain trends in the single bands. Although guided by
theoretical considerations about the relevant frequency bands and electrode positions,
the exact way the EEG features are combined into an index depends entirely on the
researchers’ choices of frequency bands, electrode positions and formulae to achieve
certain value ranges. This leads to a wide variety of different indices [14—19] whose
relationships and validity are seldom compared.

In the following, we describe two indices that are widely used to assess MWL and
engagement during manual and automated tasks and that therefore, in theory, present
two viable candidates for the assessment of pilots’ cognitive states: The Task Load Index
(TLI) and the Engagement Index (EI).

1.1 Task Load Index (TLI) and Engagement Index (EI)

The TLI is defined as theta Fz/alpha Pz. It was originally developed by Smith et al.
(2001) to assess changes in EEG with changing task load [17]. In their study, the authors
found the most prominent activity in the theta band at 67 Hz at electrode Fz, and in the
alpha band at 8—12 Hz, further divided into “slow” (8—10 Hz) and “high” (10-12 Hz),
at electrode Pz. Thus, the TLI is often computed from these bands and electrodes. It is
noteworthy, however, that in the original publication, the authors did not assign a fixed
index to all participants. They tested different combinations of alpha and theta power in
varying bandwidths and at varying electrode sites, and chose the best combination for
each participant. This way they accounted for interindividual variance, and recommended
using participant-specific indices instead of a “one size fits all” index [17]. In following
studies this approach has largely been abandoned, and the same index is used for all
participants. While most researchers now use frontal theta power at Fz and parietal
alpha power at Pz to compute the TLI, the definition of the theta and alpha band vary
considerably across studies, see Table 1 for an overview of selected studies.

The TLI usually increases with increasing task demands and can therefore be used
to assess MWL [12, 19-23]. In some studies, it was more sensitive to task demands than
single bands [12, 21, 22], while others find no effect of task demands on the TLI [24].
Finally, in a series of studies using a simulated air traffic control task, the TLI decreased
instead of increased with increasing demand [25-27]. Therefore, it is possible that the
TLI is task-specific and responds differently to certain aspects of a task.

The EI is defined as beta/(alpha + theta), and each band is averaged over four
electrode sites, Cz, Pz, P3 and P4. The EI was originally developed by Pope et al.
(1995) to assess an operator’s engagement (i.e. alertness/attention) during manual and
automated tasks [16]. The idea is that when the index is high, the human operator is
engaged in the task and able to monitor it. Thus, more tasks can be automated without
the risk that the operator is inattentive and out of the loop. If the index decreases and
thus engagement wanes, tasks can be shifted from automated to manual control so that
the human operator needs to engage again [16]. The authors initially computed various



68 A. Hamann and N. Carstengerdes

Table 1. Overview of studies using the TLI and EI, with respective definitions of the theta, alpha
and beta bands. Studies using the inverse EI are marked *.

Studies using TLI and/or EI | TLI (theta Fz/alpha Pz) | EI (beta/(alpha + theta)) over Cz,
Pz, P3, P4
theta (Hz) |alpha (Hz) |theta (Hz) |alpha (Hz) |beta (Hz)

*D’Anna et al., 2016 [28] - - 4-8 8-13 13-30
Figalovd et al., 2022 [24] 4-8 8-13 - - -
Freeman et al., 1999 [29] - - 4-8 8-13 13-22
Hockey et al., 2009 [20] 67 8-12 4-8 8-13 13-22
Holm et al., 2009 [12] 4-8 8-12 - - -
Jaquess et al., 2018 [21] 4-7 8-13 - - -
Kamzanova et al., 2011 [26] |4-8 8-14 4-8 8-14 14-30
Kamzanova et al., 2012 [25] |4-8 8-14 4-8 8-14 14-30
Kamzanova et al., 2014 [27] |4-8 8-14 4-8 8-14 14-30
Matthews et al., 2015 [22] 4-8 9-13 - - -
Nickel et al., 2006 [19] 6-7 10-12 4-8 8-13 13-22
Nickel et al., 2007 [30] 6-7 10-12 4-8 8-13 13-22
Nuamabh et a., 2020 [23] 4-8 8-12 - - -

indices and found the EI to be most sensitive to engagement. However, it was only built
upon the data of six participants which may limit the generalizability of the findings.
Like the TLI, the EI is subject to varying definitions of the theta, alpha and beta bands
used to compute it. In the original version, the bands were set as follows: theta (4-8 Hz),
alpha (8-13 Hz) and beta (13-22 Hz). An overview of selected studies and the used
bandwidths can be found in Table 1. In addition to the EI, there is an inverse EI that is
computed as (alpha + theta)/beta. It was proposed by Brookhuis and de Waard (1993)
to assess driving performance [31], even before Pope et al.’s EI. It originally consisted
only of the electrodes Pz and Oz. There is a recent study [28] that used the inverse EI,
but computed over the four electrodes proposed by Pope et al. Therefore, it is only a
mathematical inverse of the EI and thus comparable. Hence, we decided to include this
study in our work. It is important to keep in mind, however, that the inverse EI decreases
with increasing attention, while the EI increases.

While not specifically designed to assess MWL, the El is often used as an approxima-
tion of task demand. It increases in tasks which require more attention, such as manual
as compared to automated tasks [28, 29]. However, other studies could not find effects
of task demand on the EI [19, 20]. It has been argued that the TLI and EI represent two
different aspects of task demand: While the TLI is associated with more or less effort to
perform the task, the EI indicates increasing or waning attention and thus fatigue [30].
However, this would imply that the EI is also affected by time on task, which could not
be confirmed [25-27].
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While TLI and EI are often used together, in the same studies and therefore on
the same tasks, no systematic investigation has been made yet of the sensitivity and
specificity of the indices to MWL. If the indices indeed are good indications of MWL
and attention in demanding tasks, they should only vary with increasing MWL (task
difficulty), and not with increasing MF (time on task). If, on the other hand, they indeed
represent two different facets of task demand [30], then the TLI would only respond
to changing MWL, and the EI only to increasing MF. With this study, we address this
problem with an empirical investigation.

1.2 The Current Study

We used data from two previously conducted experiments in which we induced MWL
while controlling MF, and vice versa. In both experiments we used the same task, a
simulated flight task. In the experiment on MWL, we used four levels of task difficulty,
and used randomization and a task duration of max. 45 min to prevent confounding effects
of MF. In the experiment on MF, we used only one difficulty level of the simulated flight
task to keep MWL constant, but prolonged the task to 90 min to induce MF. This way,
we not only controlled for unwanted influences of other cognitive factors, but also for
effects of task characteristics.

We computed the TLI and EI for both datasets and compared their behavior with
increasing MWL and MF. In order to build the indices, we used the definitions of fre-
quency bands and electrode positions provided in the original publications. We hypoth-
esized that both TLI and EI would increase with increasing MWL, but would not vary
with MF. Following the literature on these indices, we also hypothesized that TLI and EI
would be more sensitive to changes in MWL than single bands, i.e. differentiate more
MWL levels than single band powers could.

2 Method

In this paper, we present a re-analysis of already gathered EEG data from two studies.
Here, we give only a brief overview of the experimental tasks and procedures as an
explanation of how the data were obtained. Please note that in our previous studies,
more data including self-report, performance and functional near-infrared spectroscopy
(fNIRS) data have been gathered as well. We performed analyses to ensure that our
manipulation of MWL and MF had worked. Results of these analyses as well as further
information on the studies can be found in the respective publications [11, 32].

2.1 Sample

The MWL dataset contains data from 35 participants (24 male, 11 female) between 19
and 30 years (M =23.7,SD =2.1). The MF dataset contains data from 31 participants (20
male, 11 female) between 19 and 33 years (M = 24.1, SD = 3.4). All participants were
native German-speakers, currently enrolled at a university, right-handed, had normal
hearing and normal or corrected-to-normal vision, no pre-existing neurological condi-
tions, no flying experience and held no pilot’s or radio telephony licence. All provided
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written, informed consent and received monetary compensation for participation. Both
studies were approved by the ethics commission of the German Psychological Society
(DGPs) and conducted in accordance with the declaration of Helsinki.

2.2 Experimental Tasks and Material

Both studies were conducted in an A321 cockpit simulator at the Institute of Flight
Guidance, German Aerospace Center (DLR), Braunschweig. The experimental task for
both experiments was a simulated flight task that was simplified in a way that it could
be learned by novices. Most of the flight parameters were controlled by the autopilot.
The participants only had to monitor the altitude of the aircraft and react to deviations
(monitoring task), and to change the heading of the aircraft (adapted n-back task). Both
tasks were performed in parallel.

In the monitoring task, the altitude of the aircraft was initially set to 20,000 ft.
The experimenter could trigger deviations from this altitude, which would lead to slow
altitude increases or decreases. The participants were instructed to react if a deviation
of more than 40 ft was reached, and to correct the altitude back to the 20,000 ft by
setting a vertical speed. In the adapted n-back task, the participants had to memorize and
reproduce headings, i.e. courses in degree (for example, an eastward course equals 90°,
i.e. a heading of 090). They heard a series of auditory heading commands which they
had to follow in line with an instruction adapted from the classical n-back paradigm.
In a 0-back condition, the command had to be put in at once and no memorization was
necessary. In a 1-, 2-, or 3-back condition, the participants had to memorize one, two or
three headings at a time and thus put in the heading one, two or three prior to the one
just heard. Thus, the task had four difficulty levels. More information on the flight task
can be found in the original publication [11].

2.3 Procedure

Both the MWL and MF study had a within-subject design. The experiments were divided
into task blocks (approx. 3—-3.5 min) and breaks (2 min). In each block, the monitoring
and n-back task were performed in parallel. Per block, the n-back level was kept constant
(i.e. instructions did not vary within one block) and one altitude deviation was triggered
by the experimenter. In the MWL study, the participants performed each n-back difficulty
level (0-, 1-, 2-, 3-back) twice, resulting in eight blocks, and the whole experiment lasted
approx. 45 min. In the MF study, only the 1-back level of the task was used, but the
experiment was prolonged to 16 blocks, approx. 90 min.

2.4 EEG Data Recording and Pre-processing

EEG data were recorded at 500 Hz with a LiveAmp-32 in BrainVision Recorder
1.24 (Brain Products GmbH, Gilching, Germany). 28 Ag/AgCl active electrodes were
positioned according to the 10-20 system with online reference at FCz, see Fig. 1.
Pre-processing was done in BrainVision Analyzer 2.2 (Brain Products GmbH, Gilch-
ing, Germany). The data were down-sampled to 256 Hz, re-referenced to average and
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bandpass-filtered between 0.5-40 Hz using a 4" order IIR filter with an additional 50 Hz
notch filter to remove remaining line noise from the unshielded simulator. Motion arte-
facts were removed semi-automatically and an independent component analysis was
performed for ocular correction. Then, the data were divided into blocks, beginning
with the first reaction per block. In the MWL dataset, this resulted in eight blocks (two
presentations of 0-back, 1-back, 2-back, 3-back). In the MF dataset, 16 blocks (16 x
1-back, over time) were built. The blocks were segmented into epochs of 2 s with 0.5 s
overlap. Power Spectral Density was computed using Fast Fourier Transformation with
a Hanning window with 10% overlap. The average per block was exported as raw sum
(WWV?2/Hz) for the bands and electrodes of interest in both datasets. Following the orig-
inal publications, for the TLI, theta power (6—7 Hz) at electrode Fz and alpha power
(8-12 Hz) at electrode Pz were exported [17]. For the EI, theta power (4-8 Hz), alpha
power (8—13 Hz) and beta power (13-22 Hz) were exported from the four electrodes Cz,
Pz, P3 and P4 [16].

Fig. 1. EEG montage with electrode positions according to the 10-20 system. White = ground
and reference electrodes; orange = electrodes used to compute the TLI; blue = electrodes used
to compute the EI; grey = all other electrodes. Electrode Pz is part of both TLI and EI.

2.5 Data Analysis

All statistical analyses were conducted in SPSS 26 (IBM Corp., Armonk, NY, USA).
Due to skewness, the EEG data were In-transformed. In the MWL dataset, the two
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presentations of each n-back level were averaged. In both datasets, missing values were
replaced by the mean of the respective variable if necessary. The TLI was computed as
theta Fz/alpha Pz. The EI was built by first averaging over the four electrodes Cz, Pz,
P3 and P4 for each band, then computing beta/(alpha + theta).

For the two indices TLI and EI, separate analyses of variance (ANOVAs) were
conducted in each dataset. The sphericity assumption was tested and, in case of violation,
corrected using the Greenhouse-Geisser correction. In the MWL dataset, a one-way (4
n-back levels) repeated-measures ANOVA with Bonferroni-corrected post-hoc pairwise
comparisons (two-tailed) was computed for each EEG index, i.e. six comparisons. In
the MF dataset, a one-way (time on task as 16 blocks) repeated-measures ANOVA was
computed for each EEG index. Due to the large number of possible pairwise comparisons,
a significant result was followed up with Bonferroni-Holm corrected paired two-tailed
t-tests only for the 15, 4", 8™ 12t and 16™ block (start, Y4, ¥4, %, end of the experiment),
i.e. ten comparisons.

Finally, for the comparison of the indices to single bands, we compared the results
to those of our previous MWL study [11]. We compared how many MWL levels could
be differentiated with which measure, and how large the effect sizes of the respective
ANOVAs were. In order to foster comparability with our previous study, in which we
had defined the frequency bands slightly differently, we also computed an alternative
TLI and alternative EI with the frequency bands from the previous publication: theta
(4-8 Hz), alpha (8—12 Hz) and beta (12-30 Hz).

3 Results

3.1 Task Load Index (TLI)

The ANOVA for the MWL dataset showed a significant increase with increasing n-back
level, F(2.26,76.86) = 15.91, p < .001, nzp = .32, see Fig. 2. Four of the six pairwise
comparisons showed a significant difference: 0- vs. 2-back (p = .004), 0- vs. 3-back (p
< .001), 1- vs. 2-back (p = .033), 1- vs. 3-back (p < .001). The two lowest difficulty
levels (0- vs. 1-back) and the two highest difficulty levels (2- vs. 3-back) did not show
significant differences, both ps > .05.

The ANOVA for the MF dataset showed a significant increase over time, F(3.52,
105.53) =2.63, p = .045, nzp = .08, see Fig. 3. The subsequent t-tests did not show any
significant difference between any of the tested blocks, all ps > .05.

3.2 Engagement Index (EI)

The ANOVA for the MWL dataset did not become significant, F (3, 103) = 0.51, p >
.05, nzp = .02, see Fig. 2. No further tests were carried out.

The ANOVA for the MF dataset showed a significant decrease over time, F(7.65,
229.52) =17.05, p < .001, n2p = .19, see Fig. 3. The subsequent t-tests showed signifi-
cant differences between blocks only for four of the ten comparisons: There were only
significant differences between block 1 and the subsequent blocks 4, 8, 12 and 16, all ps
< .001. No significant differences between any of the later blocks were found.
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Fig. 2. EEG indices across n-back levels in the MWL dataset. Mean values are shown. Error bars
indicate SE. EEG data are represented as Power Spectral Density (In-transformed).
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Fig. 3. EEG indices across blocks in the MF dataset. Mean values are shown. Error bars indicate
SE. EEG data are represented as Power Spectral Density (In-transformed).

3.3 Comparison to Single EEG Bands

We compared the sensitivity to MWL changes between the indices and single EEG
bands. Therefore, we used the results of our previous MWL study on the single band
powers for theta Fz, alpha Pz and beta Pz as well as the results from the TLI and EI
(computed with the original bandwidths) and alternative TLI and EI (computed with the
bandwidths from our previous study). This way, we could analyze if differences were
due to the indices per se or variations in the definition of the theta, alpha and beta bands.

For the alternative TLI, the ANOVA showed a significant increase with increasing
task difficulty, F(2.03, 69.04) = 7.57, p = .001, nzp = .18. Two of the six pairwise
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comparisons showed a significant difference: 0- vs. 3-back (p = .015) and 1- vs. 3-back
(p = .012). No other comparison was significant, all ps > .05. For the alternative EI, the
ANOVA was not significant, F(2.05, 69.71) = 0.21, p > .05, n2p =.06.

In our previous research [11], theta Fz was most sensitive to changing MWL. It
increased with increasing n-back level, showing a large effect, F(1.56, 52.87) = 23.91,
p < .001, nzp = .41, and differentiated all but the two lowest difficulty levels. We did
not find significant changes in alpha Pz and beta Pz. In Table 2 we have contrasted the
results of the previous publication and the current analysis.

Table 2. Overview of different EEG features and their ability to discriminate the four n-back
levels, including effect sizes of the ANOVAs with significant outcome. Significant differences
(p < .05, Bonferroni-corrected) marked with v/.

Pairwise Single band powers (previous | Indices (current study)
comparisons of | study [11])
different n-back
levels
theta Fz |alphaPz |betaPz |TLI | alternative |EI |alternative EI
TLI
0 vs. 1 - - - - - - |-
2 4 - - v - R
3 4 - - v 4 - |-
1 vs. 2 v - - v - - |-
3 4 - - 4 4 - |-
2vs. 3 4 - - - - - |-
Effect size nzp 41 - - 32 .18 - -

4 Discussion

In this paper, we tested the sensitivity and specificity of two well-known EEG indices,
TLI and EI, to changes in MWL. We analyzed their behavior with increasing MWL and
increasing MF, and compared them to single alpha, beta and theta band powers.

The TLI increased substantially with increasing MWL. Using it, we could differ-
entiate all induced MWL levels apart from the two lowest (0- vs. 1-back) and the two
highest (2- vs. 3-back). The TLI also increased slightly yet substantially with MF, even
if the increase was so weak that no discrimination between blocks was possible. We
therefore conclude that the TLI is sensitive to changing MWL, but lacks specificity as it
also varies with MF. Moreover, the direction of the variation was the same, i.e. the TLI
increased in both datasets. It is therefore not possible to conclude without doubt if the
person experiences increasing MWL or MF if only the TLI is used.

Contrary to our expectations, the EI did not vary with MWL and could not be used
to discriminate any MWL levels. It did show a slight decrease in the MF dataset, but
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only between the first and all later blocks. It is unlikely that this is due to MF because of
the early onset of the change and the lacking gradual decrease over the time course of
the experiment. The observed decrease could be an indication of a learning effect during
the first block. With no variation with MWL, we consider the EI not to be sensitive to
MWL changes, yet also not sensitive to gradually increasing MF.

When comparing the indices with the single band powers from our previous study
regarding sensitivity to MWL, we found that the TLI was more sensitive to MWL changes
than only parietal alpha or beta power (which did not vary with MWL at all), but less
sensitive than frontal theta band power. This can be seen from both explained variance
in the ANOVA and the number of n-back levels it could differentiate. Only single theta
band power at Fz was able to differentiate the two highest difficulty levels (2- vs. 3-back).
This difference in sensitivity cannot be attributed to varying definitions of the theta band,
as can be seen from the alternative TLI: When computed with the same bandwidths as
the single band powers, it could only differentiate the highest difficulty level from the
two lowest. It was thus less sensitive to MWL changes than both the original TLI and
single theta band power. The EI and alternative EI could not differentiate any changes in
MWL. In sum, single theta band power at Fz proved most sensitive to changing MWL,
followed by the original TLI.

Taken together, when investigated systematically, neither TLI nor EI can be consid-
ered ideal measures of MWL. The TLI was sensitive to MWL changes, which aligns
with the literature [12, 19-23], but less so than single frontal theta band power. More-
over, the TLI was not specific to MWL as it also varied with MF. The direction of the
change, however, was the same: It increased with MWL and with MF. It can therefore
be seen as a measure of increasing cognitive demand, regardless of its source. If one
wants to pinpoint exactly what causes this increasing demand, the TLI might not be the
measure of choice. The EI, to our surprise, was neither sensitive to MWL nor to MF,
even though it was designed to capture fluctuations in attention and alertness. We are not
the first to conclude this [19, 20, 27], but the first to test it in comparable and controlled
experiments on MWL and MF. It is therefore questionable if the EI is a useful measure
for any kind of assessment of cognitive demand.

Contrary to earlier work [30], it seems that task demands cannot so easily be split in
effort and fatigue, or at least that TLI and EI are not mutually exclusive indices of these
facets. When looking at the way the indices are built, however, this is not surprising.
Both incorporate parietal alpha and beta band power which vary with a multitude of
cognitive factors. They have been shown to decrease with increasing MWL [12, 13] and
increase with MF [33-35]. Furthermore, parietal alpha power increases with frequent
task switching [10]. Frontal theta band power, which is a part of the TLI, is not exclusive
to MWL either. It increases with task demands, both in terms of task difficulty (MWL)
[9, 10] and time on task (MF) [33, 36]. If single band powers are subject to variations
with different cognitive factors and task characteristics, so are indices that combine
them. And the more complex the relationships between bands and influencing factors,
the more difficult is the interpretation of the index.

In conclusion, the TLI and EI are two of the most widely known and used EEG indices
for assessment of MWL and task engagement. And yet, upon further investigation, their
sensitivity and specificity to MWL are not as high as commonly thought, with large
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variations across studies and experimental tasks. We would therefore like to emphasize
the importance of choosing an EEG feature (be it an index or single band) carefully.
Ideally, it should be validated for the specific task, application and if possible even
tailored to single participants or operators. Especially if the EEG data are meant to be
used as a data source for an adaptive or intelligent system that tailors its assistance to
the operator’s current needs, EEG features should not be trusted blindly. They should
always be validated in their sensitivity — and specificity — to indicate the operator’s state.
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