
Task Resolution Time Estimation through Cognitive Load:
An EEG Study of Chess Players

Milton O. Candela-Leal (milton.candela@exatec.tec.mx)
Mauricio A. Ramı́rez-Moreno (mauricio.ramirezm@tec.mx)

Jorge De-J. Lozoya-Santos (jorge.lozoya@tec.mx)
Department of Mechatronics, School of Engineering and Sciences,

Tecnologico de Monterrey, Av. Eugenio Garza Sada 2501 Sur, Monterrey 64849, Mexico

Abstract

Assessing attention is essential for optimizing performance.
This study identifies a single-channel EEG biomarker based
on cognitive load to estimate Task Resolution Time (TRT).
Thirty-seven chess players were recorded with an 8-channel
EEG headset while solving chess problems under two condi-
tions: distracting noise (65 dB) and ambient noise (40 dB).
Participants were grouped by chess expertise (ELO rating),
and cognitive load was measured via theta (4-8 Hz) power on
the C4 channel. EEG signals underwent preprocessing with
a bandpass filter, Artifact Subspace Reconstruction (ASR),
and Independent Component Analysis (ICA). Power estima-
tion (Welch) was normalized to a resting 30-second Eyes Open
(EO) period. TRT analysis indicated shorter engagement times
and slightly lower performance in novices under noise, while
experts remained relatively stable, possibly due to better cog-
nitive resilience. This biomarker could be further integrated
into portable EEG systems for real-time neurofeedback in ed-
ucational and workplace settings.
Keywords: biomarker; brain modeling; chess; cognitive load;
electroencephalography; problem-solving; theta; white noise

Introduction
Cognitive load denotes information-processing (attentional or
working-memory) demands (Block et al., 2010). Monitor-
ing and understanding human mental performance has been
crucial since both low and high cognitive load affect effi-
ciency and decision making (Wascher et al., 2014; Watt &
Blanchard, 1994). Low cognitive load suggests boredom and
lack of engagement (Watt & Blanchard, 1994), while high
cognitive load suggests mental fatigue and errors (Wascher et
al., 2014). By having a tool that measures cognitive load in
real-time (Chen & Wang, 2017), it is possible to design reac-
tive interfaces that maintain cognitive load at an optimal level
in which the subject is committed to the task without reach-
ing high mental fatigue. In Chen and Wang (2017), authors
implemented the Attention Monitoring and Alarm Method
(AMAM), which continuously monitored students’ attention
during e-learning sessions by analyzing their neural activity.

Cognitive Load Theory (CLT) is defined as the complexity
of the performed task and the expertise of the learner; it is
divided into intrinsic (task complexity and learner expertise),
extraneous (superfluous processes not directly contributing to
learning), and germane (learning processes dealing with in-
trinsic cognitive load) (Van Merrianboer & Sweller, 2010). It
has been widely studied as it has a direct impact on the work-
ing memory (Young et al., 2014), and thus instructional meth-
ods have been developed to improve learning by decreasing

extraneous cognitive load, linking cognitive processes to bio-
logical evolution and real-life tasks for complex learning (van
Merriënboer & Sweller, 2005). In this study, cognitive load
was induced through two distinct methods. Firstly, extrane-
ous cognitive load, as some participants were subjected to
continuous distracting white noise, similar to the static sound
often heard on radios. Secondly, intrinsic cognitive load, via
manipulating the complexity of chess problems.

The distracting white noise setup was inspired by Soviet
and Russian chess grandmaster Mikhail Botvinnik and his
odd training regime. He used to blast the radio while he was
playing training games as well as having nicotine-puffing op-
ponents blow smoke in his eyes during practice games in or-
der to acclimatize himself for a tournament setting (Timman,
2006). Constant exposure to distracting noise has been shown
to exert a psychological effect of annoyance, from a low tran-
sitive noise of air conditioning (Soeta et al., 2023) to footsteps
at a slow pace in a building at noon (Frescura et al., 2022).

On the other hand, increasing chess problem complexity
would increase cognitive load. Given that the task is more
complex, more mental resources would be dedicated to solv-
ing the task, increasing cognitive load. A reliable method to
assess a participant’s cognitive state is using an Electroen-
cephalography (EEG) to measure brainwaves (Blanco-Rı́os
et al., 2024; Olivas et al., 2021; Ramı́rez-Moreno et al.,
2021). Various studies found correlations between EEG and
task complexity, such as during flight (Hankins & Wilson,
1998), at chess problems (Fuentes-Garcı́a et al., 2019), and in
cognitive tests (Charles & Nixon, 2019). EEG has also been
proven beneficial to detect subjective cognitive states such as
STEM interest (Olivas et al., 2021), mental fatigue (Ramı́rez-
Moreno et al., 2021), and emotion (Blanco-Rı́os et al., 2024),
in addition to having shown high correlations with subjective
reports of workload (Berka et al., 2007), and thus able to dis-
criminate it (Raufi & Longo, 2022).

Spectral analysis at EEG traces significant similarities to
cognitive state identification (Lozoya-Santos et al., 2022);
spectral content is divided into spectral bands: Delta (δ: 1-
4 Hz) with deep sleep, theta (θ: 4-7 Hz) with interruptions of
consciousness in the parietal and temporal regions, alpha (α:
8-12 Hz) with relaxation and general attention in parietal and
occipital regions, beta (β: 13-29 Hz) with active thinking in
the frontal region, and gamma (γ: 30-50 Hz) with perception
and high-order cognition (Kropotov, 2009).
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EEG literature agrees that cognitive load can be either
detected in theta (Morales-Menendez et al., 2021) or al-
pha (Aguilar-Herrera et al., 2021) bands, as low-frequency
bands reflect relaxation, drowsiness and mental fatigue
states (Krishnan & Yaacob, 2019). However, due to alpha
being so broad and complex that it has recently been found
to correlate with creativity (Beaty et al., 2019; Stevens &
Zabelina, 2019), only theta will be used to measure cogni-
tive load. Theta activity mainly occurs in the frontal cor-
tical area (Dan & Reiner, 2017) and has shown to be posi-
tively correlated with prolonged concentration while execut-
ing a task (Gevins & Smith, 2003), high-demand periods of
time (Fairclough et al., 2005), and high-load (Gevins, 2000).

Due to the variability of spectral bands and cognitive states,
some authors even combine frequency bands in the form of
EEG indices. The most common EEG indices to track time-
on-task effect and workload manipulation during the perfor-
mance of a given task are engagement index ( β

θ+α
) (Freeman

et al., 1999) and Task Load Index (TLI) ( θ

α
) (Gevins & Smith,

2003). Although these indices are effective, they are often
computationally expensive and hardware-costly to calculate,
as they rely on calculating beta at frontal sites, alpha at pari-
etal sites, and theta at frontal or midline sites. Previous imple-
mentations included separate montages: Frontal (F3, F4, F7,
F8), temporal, and parietal pooled over four sites (Cz, P3, Pz,
P4) (Hockey et al., 2009). In an attempt to reduce this compu-
tational and hardware cost, the current paper estimates Task
Resolution Time (TRT) only using ”effort”, calculated based
on the theta bandpower at the fronto-central region (Gevins,
1997), which indicates increased demand and focused atten-
tion (Yamada, 1998).

Similarly, previous EEG chess literature found an increase
in theta at faster games (Villafaina et al., 2019) and even iden-
tified C4 as a statistically significant channel positively cor-
related with problem difficulty (Fuentes-Garcı́a et al., 2019).
Hence, θC4 bandpower was used to track the participant’s ef-
fort while solving the chess problem. Additionally, a spike
detection algorithm was applied in the smoothed signal in or-
der to identify when the participant stopped making an effort,
thus estimating the TRT.

Regarding the study design, participants were instructed to
remain still and silent, which led to the non-recording of true
labels of resolution time. They were also not allowed to skip
to the next chess problem upon resolution but to wait until
the time for each problem elapsed. To ensure the estimated
time accurately reflects the participants’ TRT, a group com-
parison was conducted on the calculated TRT for quiet and
noise participants, stratified by chess level (novice, expert).

It was then hypothesized that novice individuals would be
more affected by white distracting noise than expert individ-
uals. Specifically, novice participants exposed to noise would
perform worse and exhibit shorter TRT than those in quiet
conditions. In contrast, expert participants would remain un-
affected by noise, with the noisy group exhibiting TRTs sim-
ilar to the quiet group.

Methods
Participants
A total of 37 chess players (35 men, 2 women) with age rang-
ing from 18 to 23 years (µ = 20.88, σ = 1.36) participated in
the study. All participants signed an informed consent form
in accordance with the declaration of Helsinki (1964). They
were informed about the study, their rights, risks, and ben-
efits, and remained in close contact with the research team.
For the inclusion criteria, they were required to be familiar-
ized with solving chess problems, possess at least 800 ELO,
and not manifested being under medical treatment or having
a psychiatric diagnosis.

Apparatus
EEG For brainwave measurement, an 8-electrode Unicorn
Hybrid Black EEG system (g.tec medical engineering GmbH,
Schiedlberg, Austria) was used; it recorded brain activity sig-
nals in microvolts (µV) at a sampling frequency of 250 Hz.
This non-invasive device consists of a portable cap with ac-
tive gel electrodes arranged according to the international 10-
20 placement system: One at the frontal region (Fz), three at
the central region (C3, Cz, C4), one at the parietal region (Pz),
two at the parieto-occipital region (PO7, PO8), and one at the
occipital region (Oz). The electrode distribution is displayed
in Figure 1.

Fz

C3 C4Cz

Pz

PO8PO7

Oz

a)
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Figure 1: a) Unicorn Hybrid Black EEG wireless system
without the cap. b) 10-20 international placement channel
distribution: Fz, C3, Cz, C4, Pz, PO7, Oz, PO8. c) Experi-
mental setup: A participant wearing the EEG cap solves the
chess problem in his mind while staring at the screen.

Unicorn Suite Hybrid Black (g.tec medical engineering
GmbH, Schiedlberg, Austria) was used to check impedance
levels on all electrodes and ensure their levels were main-
tained low. The software indicated by color coding the
impedance level of each electrode; thus, each electrode
started in red color (high impedance) or yellow color (low
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Low-level problems: L1 and L2 High-level problems: H1 and H2

White to move: Two moves
H2 Solution: Ra5, Rf1+, Nxf1

White to move: Two moves
H1 Solution: Rxh3+, Kxh3, Qh1+

White to move: Two moves
L1 Solution: Rxe5, Rxe5, Kf7+

White to move: Two moves
L2 Solution: Qxg7+, Kxg7, Nf5+

Figure 2: Two moves chess problem-solving tasks for each difficulty level from (Fuentes-Garcı́a et al., 2019; Pereira et al.,
2020): The two low-level problems are on the left, and the two high-level problems are on the right. Each problem was treated
as a different trial for analysis purposes, for which an equal average was calculated.

impedance), and the gel was applied gradually to each elec-
trode until all electrodes were marked in green color (low
impedance) by the software. EEG signals were transmitted
via Bluetooth protocol to a laptop and recorded using Uni-
corn Suite Hybrid Black (g.tec medical engineering GmbH,
Austria).

Noise The noise level was measured using the Apple Watch
Series 6 (Apple Inc., Cupertino, California, USA) Noise
application, which has shown to be as accurate as a class
1 sound level meter (Muhonen et al., 2023). The aver-
age noise level for the quiet group was 40 dB. For the
noisy group, a white noise signal was generated by Audacity
(https://www.audacityteam.org/), further reproduced by the
computer that showed the chess problems, which increased
the noise level to 65 dB.

Experimental Protocol

Participants were randomly assigned to one of two between-
subjects conditions: A quiet environment (40 dB) or a noisy
environment (65 dB white noise). The experiment consisted
of 4 chess tactical problems: 2 easy and 2 complex, adapted
from (Fuentes-Garcı́a et al., 2019; Pereira et al., 2020), dis-
played in Figure 2. These are problems where a definitive
advantage is obtained in a clearly defined combination of
2 moves, thus being +3 points ahead by capturing a minor
piece, such as bishop/knight, or making a quality trade (mi-
nor piece for a rook).

The chess problems are presented via PsychoPy® (Peirce
et al., 2019) (https://www.psychopy.org/), an open-source
platform that enables precise and automated design of psy-
chology experiments. It offers a range of tools to display
images, play sounds or videos, and time scenes, ensuring a
standardized experimental process. Through this platform,
an experiment was designed based on the following protocol:
30 seconds of Eyes Open (EO), 30 seconds of Eyes Closed

(EC), and 150 seconds per problem (600 seconds for all 4
problems). The objective of having a 30-second EO and EC
period was to normalize data, thus reducing intra-subject vari-
ability and allowing inter-subject comparisons.

During the test, the participants were instructed to solve
the problem in their mind and wait for the remaining time of
said problem to run out even if he completes it satisfactorily,
as it has been common practice (Fuentes-Garcı́a et al., 2019;
Pereira et al., 2020). This approach was employed to reduce
signal noise caused by physical movements and to ensure an
equal sample size, regardless of whether participants solved
the exercise quickly or slowly.

Unfortunately, due to device malfunction and running out
of battery, data from 6 subjects were removed. Additionally,
after executing the pre-processing steps, data from another 5
subjects were removed due to bad signal quality, resulting in
a total of 26 subjects having usable data (24 men, 2 women).

Chess level effect size Participants’ chess skill was quanti-
fied using their reported ELO rating at enrollment. The ELO
rating system, developed by Arpad Elo (Elo & Sloan, 2008)
and used by the Fédération Internationale des Échecs (FIDE),
is a standardized scale used to estimate relative skill levels
of players in competitor-versus-competitor games; it ranges
from 0 to 3000, with higher values indicating greater skill (Di
Fatta et al., 2009).

To reduce the effect of experience level on autonomic stress
responses, groups were balanced using a stratified sampling
method based on these ELO scores. Hence, the average ELO
of the quiet group (N = 13) was 1302 ± 370.90, while the av-
erage ELO of the noisy group (N = 13) was 1351 ± 467.44.
For analysis purposes, groups according to ELO were cre-
ated; this was set to a threshold of 1200 ELO, close to all the
subjects’ average ELO of 1326 ± 414.17. The average ELO
of the novice group (N = 13, ELO < 1200) was 982 ± 106.74,
while average ELO of the the expert group (N = 13, ELO ≥
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1200) was 1670 ± 299.20. Thus, the quiet group (N = 13)
comprised 6 novice and 7 expert participants, while the noisy
group (N = 13) comprised 7 novice and 6 expert participants.

Signal pre-processing
EEG signal data pre-processing was conducted as de-
scribed in Candela-Leal et al. (2025) and Ramı́rez-Moreno
et al. (2023), beginning with the standardized pre-processing
(PREP) pipeline (Bigdely-Shamlo et al., 2015) from the
EEGLAB package (https://sccn.ucsd.edu/eeglab), which de-
trends using high-pass of 1 Hz, removes line noise by using
multiples of 60 Hz, and also provides a robust average refer-
ence, which iteratively identifies bad channels to interpolate
them. Furthermore, a Finite Impulse Response (FIR) Butter-
worth 4th order bandpass filter 0.1-50 Hz was applied.

Data was further cleaned using the Artifact Subspace Re-
construction (ASR) algorithm (Mullen et al., 2013) (κ = 20),
which corrected periods with short-time high-amplitude arti-
facts. Additionally, a linear filter FIR transition band [0.25-
0.75 Hz] removed channel drift, and finally, the ICLabel
plugin was used to perform Independent Component Anal-
ysis (ICA) and remove artifacts from muscle, heart, eye, and
noise, retaining only components with over 70% probability
of being brain signals.

Signal processing
EEG pre-processed signal was processed using Scipy (1.8.1)
in Python (3.9.0). Data was decomposed in one frequency
band: theta (θ), between 4-8 Hz. Power Spectral Density
(PSD) was calculated via Fast Fourier Transform (FFT) using
the welch method and a 1-second window size, further calcu-
lating θ spectral power using simps in its frequency ranges.

θC4 bandpower was normalized as in Equation 1, based
on (Ramı́rez-Moreno et al., 2021). In which θ normalized
(θN) is calculated by subtracting the average θ at EO (θ̄EO)
from the θ at the chess problem (θP), further divided by the
average θ at EO (θ̄EO).

θN =
θP − θ̄EO

θ̄EO
(1)

The normalized signal (θN) was smoothed using a cubic
smoothing spline via the smooth.spline function built in R.
This transformation exhibited a more evident pattern within
the signal during the task, in addition to improving the peak
detection algorithm’s performance.

Task Resolution Time Estimation
Task Resolution Time (TRT) is defined as the time required
for a participant to complete the given task. However, given
that a fixed time for each chess problem to be solved was set
(150 seconds), it was not possible to know whether a partici-
pant solved a task faster or slower than other participants.

In this sense, a novel method for task resolution time es-
timation is proposed, based on (Fuentes-Garcı́a et al., 2019)
findings, which revealed a statistically significant increase in
the theta band at C4 channel θC4 as participants solved chess

problems of increased difficulty, thus suggesting it to be help-
ful in controlling load during cognitive tasks.

The peak estimation algorithm takes into account the first
highest θC4 power for each problem and then calculates the
time at which the peak occurred; this was performed for each
problem, resulting in a per-problem TRT estimation, further
averaged among chess problems to yield an unique TRT for
each participant.

Statistical analysis
A two-sample t-test was applied on the average TRT for each
subject for group comparisons. Due to the bandpower be-
ing normalized, and the average of the estimated TRTs for
each chess problem was calculated, a t-test was then chosen
in order to determine whether the difference in TRTs for each
group was statistically significant.

When conducting group comparisons using TRT, a two-
tailed t-test was employed. The objective was to determine
whether the TRT distributions are different among quiet and
noisy groups across chess level; exhibiting different behav-
iors when facing a problem-solving task.

Results
Chess level & performance
As expected, ELO ratings strongly correlated with perfor-
mance (Di Fatta et al., 2009), explaining 82% of the vari-
ance in problems correctly solved (p < 0.001). In order to
assess the influence of noise in this relationship, participants
were separated by condition in Figure 3. Both quiet and noisy
groups showed similar regression slopes, with R2 = 0.81 and
R2 = 0.84, respectively, indicating that ELO predicted perfor-
mance consistently across environments.
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Quiet;  R2 = 0.81, p < 0.001
Noisy;  R2 = 0.84, p < 0.001

Figure 3: Performance on chess problems as a function of
ELO rating, colored by noise condition. Both groups show
similar regression trends and high R2 values, indicating that
ELO is a strong predictor of performance regardless of noise.
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Influence of noise in performance
Distracting noise has a psychological effect of annoy-
ance (Soeta et al., 2023), leading to an examination of its
effect on participant performance. Although between-group
differences were not statistically significant (novices: t =
1.0000, p = 0.1735; experts: t = -0.6386, p = 0.2686), de-
scriptive trends emerged: novices performed slightly better
in quiet environments, while experts performed slightly bet-
ter in noisy ones.

To capture individual-level effects, the number of partici-
pants who outperformed the mean of the opposite condition
within their group was compared in Table 1. Among experts,
4 of 6 participants in the noisy condition exceeded the quiet
group’s mean, while only 2 of 7 novices did so; hence, sug-
gesting an expertise-dependent modulation of noise effects.

Table 1: Mean performance and participant counts by group
and condition. Mo indicates the mean of the opposite condi-
tion within the same expertise group. n > Mo reflects how
many participants outperformed that value.

Group Condition Mean (M) SD n n > Mo

Novices Quiet 0.67 0.31 6 -
Noisy 0.29 0.18 7 2

Experts Quiet 2.57 0.43 7 -
Noisy 3.00 0.48 6 4

TRT estimation
According to the previously described methodology, TRT
was estimated using the smoothed θC4 bandpower. In Fig-
ure 4, the θC4 signals of two subjects from the quiet group
are shown; the left-side corresponds to the subject #1 (ELO
= 1000, performance = 1), while the right-side corresponds
to the subject #2 (ELO = 1750, performance = 3). For visu-
alization purposes, the calibration period (EO, EC) was ex-
cluded, as it was used in order to normalize the smoothed
signal; hence, the figure only shows the signal θC4 during the
problem-solving task (600 seconds, 150 seconds / problem).

The figure also shows whether the chess problem was a
low-level problem (L1, L2) or a high-level problem (H1, H2),
in addition to the estimated peak per problem, calculated
based on the first highest θC4 bandpower for each problem.
From the figure, at least one clear peak for each problem is
evident, which shows the accumulated cognitive load when
solving the chess problems, further dropping after the exer-
cise is solved. TRT then corresponds to the duration from the
start of a problem to the time at which the θC4 peak occurred.

TRT chess level group comparison
The experimental protocol outlined that the effect size of
chess expertise was controlled through a stratified sampling
technique, which accounted for ELO ratings. This approach
minimized the impact of chess expertise, as a great difference

in problems correctly solved can be seen at Figure 3, despite
controlling the problems’ difficulty level.

The boxplot in Figure 5 shows the estimated TRT for the
quiet and noisy group across the chess level (novice, ex-
pert). The TRT between novice participants in quiet and
noisy groups was significantly different (t = 4.5717, p =
0.0011), which was also the case to a lesser extent between
expert participants in quiet and noisy groups (t = 1.9911, p
= 0.0361). Overall, the novice participants at the quiet group
(NQ) experimented the highest TRT among all the subgroups:
Novice noisy (NN), expert quiet (EQ), expert noisy (EN)
(x̄NQ = 87.00, x̄NN = 72.57, x̄EQ = 78.28, x̄EN = 63.83), in
addition to being significantly different from expert partici-
pants at the noisy setting (t = 4.2766, p = 0.0053).

Discussion
The TRT calculation shown in Figure 4, has limitations due to
the nature of the task. These include double peaks caused by
participants second-guessing their answers (subject #2, H1),
an increase in θC4 related to anticipation of the next prob-
lem (subject #1, L2), and movement-related artifacts at the
end of the test (subject #1, H2; subject #2, L1). To reduce
the unconscious brain’s response to programmed stimuli, fu-
ture protocols should incorporate randomized timing to pre-
vent anticipation of upcoming stimuli. A semi-randomized
approach with a mix of constant and variable time intervals
could address this issue.

Overall, the same trend is displayed in the TRT group
comparison using chess level and performance: Lower-level,
novice chess players exhibited higher TRT in the quiet group
setting compared to other groups. This is reasonable, as par-
ticipants that are not proficient in the task tend to take more
time to solve it, with a decrease in TRT in the quiet group
from novice to expert (t = 1.6374, p = 0.0723); thus showing
expertise in a task decreases the time required to complete it
correctly. While the difference in correctly solved tasks be-
tween novices and experts is minor in both noise and quiet
environments, participants showed longer TRT in Figure 5.
This suggests that noise led to quicker decisions, especially
in novices, possibly due to cognitive overload (Gevins, 2000),
which also explains the decreased performance in novices in
Table 1. The previous findings are consistent with reported
findings of human behavior experiments (Chen & Wang,
2017; Fairclough et al., 2005; van Merriënboer & Sweller,
2005; Van Merrianboer & Sweller, 2010).

Distracting white noise affected participants’ TRT and per-
formance, but its impact depended on their chess expertise.
Overall, it slightly reduced both their performance and TRT,
but more striking results are exhibited when taking into ac-
count their chess level. While no significant accuracy differ-
ence was observed, novices in the noisy group showed shorter
TRT and slightly reduced performance, suggesting noise may
have disrupted their cognitive strategies. Thus, the noise af-
fected their decision-making by lowering their tolerance for
cognitive load. As a result, they rushed through the task,
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spending less time solving the chess problems compared to
the quiet group, which led to reduced performance.

On the other hand, the noisy environment slightly reduced
expert participants’ TRT and improved their performance.
As the novice participants, noise also reduced their toler-
ance for cognitive load, reducing their task time. However,
their performance remained unaffected if not improved by
a distracting noisy environment; this suggests a better auto-
nomic modulation by the expert participants when compared
to the novice participants, found in previous EEG chess stud-
ies (Villafaina et al., 2021) with a decrease in alpha brain-
waves, this then leading to an increase in performance as they
were accustomed to problem-solving in these types of envi-
ronments. Experts may be more accustomed to noise due to

prior tournament experience, aiding performance.
Although response timestamps were not recorded, the TRT

calculation results align with expected behavior patterns. Fu-
ture studies will record TRT using non-intrusive methods,
such as key presses, to preserve EEG signal integrity and min-
imize participant pressure. Despite the small sample size (37
participants), similar studies have used comparable or fewer
subjects, such as 1 (Fuentes et al., 2018), 13 (Fuentes-Garcı́a
et al., 2019), 14 (Villafaina et al., 2019), and 28 (Villafaina
et al., 2021); yet expanding the sample size and diversifying
tasks beyond chess problems could enhance generalizabil-
ity. While previous EEG and chess studies focus on brain-
wave activity, they have not used these measures to calculate
TRT. This study is novel in doing so, as it uses a language-
independent test like chess, avoiding the influence of lan-
guage on cognitive load. This allows TRT to complement
accuracy measures by capturing effort-related engagement,
even in the absence of explicit task success. Future efforts
should focus on refining TRT measurement using keystroke
data and validate the biomarker across EEG systems and task
types to ensure robust and generalizable models.

The presented single-channel attention biomarker (θC4),
derived from the cognitive load metric ”effort” (Gevins,
1997), was sensitive to cognitive load and thus task load,
being able to estimate TRT. Although TRT is not a direct
measure of task success, it captures participants’ cognitive
engagement duration, offering complementary insights into
task load and attention. Next steps involve a real-time im-
plementation to monitor cognitive load and develop adaptive
interfaces that sustain focus without causing mental fatigue.
Its portability and cost-effectiveness make it suitable for inte-
gration into Brain-Computer Interfaces (BCI), with potential
applications in education (Aguilar-Herrera et al., 2021) and
workplaces (Ramı́rez-Moreno et al., 2021). These findings
emphasize the value of integrating neurophysiological mark-
ers like TRT with behavioral outcomes to better understand
task engagement under cognitive stressors.
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