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Abstract

Purpose Wearable EEG systems are increasingly used for brain-computer interface (BCl) applications beyond
controlled laboratory environments. However, there is still limited evidence on their reliability in real-world cognitive
monitoring, especially for deriving robust mental-state indicators. This study investigates the signal quality,
computational stability, and neurometric consistency of two widely used consumer-grade EEG devices (Emotiv EPOC
X and Muse S) compared to a validated research-grade system (Mindtooth Touch) during naturalistic tasks relevant to
passive BCls and brain-machine intelligence.

Method Twenty-four participants completed a multimodal protocol including video observation, multitasking
under varying cognitive loads, and a simulated driving task. Each participant used all three EEG systems in a
counterbalanced order to avoid any bias induced by the order. Signal quality was assessed through artefact analysis
and Power Spectral Density (PSD) stability. Neurometrics, i.e.,, metrics related to specific mental and emotional states
that can be extracted from EEG signal processing (workload, attention, vigilance, and approach-withdrawal) were
extracted and compared across devices, conditions, and subjective reports of effort and comfort.

Finding The research grade system demonstrated higher signal stability, fewer artefacts, and more consistent
neurometric responses to cognitive variations, with high significant correlation with subjective measures. Post-
processing improved data continuity in consumer devices, but neurometrics remained less sensitive to task demands
and less aligned with subjective ratings. Each device reflected different trade-offs between data quality, usability, and
cost.

Conclusion Research-grade systems remain more reliable for passive BCl applications requiring high-resolution
cognitive state monitoring. Nevertheless, consumer-grade headsets may still be appropriate for exploratory studies
or non-critical applications. This work highlights key trade-offs between signal quality, usability, and application goals,
contributing to the broader integration of wearable neurotechnologies into brain—-machine intelligence frameworks.
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1 Introduction

1.1 Background

Brain—Computer Interfaces (BCls) have emerged as a
transformative technology enabling novel forms of inter-
action between users and external systems, with applica-
tions in neuroergonomics, training, adaptive automation,
assistive technologies, and beyond. Among BCI para-
digms, passive BCls are particularly promising, as they
allow the implicit monitoring of the user’s mental and
emotional state without requiring intentional commands
[1, 2]. These systems rely primarily on EEG signals to
estimate key cognitive states such as mental workload,
attention, vigilance, and affective engagement, provid-
ing actionable information to adapt systems, even in real
time.

In this context, wearable EEG devices represent a cru-
cial innovation. They offer improved usability, porta-
bility, and comfort compared to traditional laboratory
EEG setups, making it possible to extend passive BCIs
beyond the lab into realistic operational settings [3-6].
The availability of commercial wearable systems, ranging
from research-grade to consumer-grade, has grown rap-
idly, with each offering different trade-offs between cost,
usability, and signal quality.

1.2 Limitations of current technologies

Despite the increasing availability of wearable EEG
devices, their effectiveness in naturalistic contexts
remains poorly characterized. Wearable systems span a
range of quality levels, from research-grade devices—typ-
ically more expensive but offering high performance—to
consumer-grade alternatives that are more affordable and
accessible. Research-grade systems often deliver perfor-
mance comparable to conventional gel-based EEG set-
ups in validation studies, incorporating dry or semi-dry
electrodes, active signal amplification, and optimized
processing pipelines, which are essential for extracting
robust neurophysiological markers (i.e. neurometrics [7—
12]) in real time.

In contrast, consumer-grade devices tend to prioritize
ease of use, portability, and affordability, often featur-
ing fewer electrodes, lower sampling rates, and simpli-
fied signal processing. These limitations raise concerns
regarding their ability to reliably capture subtle variations
in mental states. Most comparative studies in the litera-
ture focus on basic signal characteristics under resting-
state conditions, without assessing how these systems
perform in ecologically valid, cognitively demanding
tasks—an essential consideration for the deployment
of brain-machine intelligence systems in real-world
environments.

Furthermore, most existing comparisons do not inte-
grate subjective data or assess how signal fidelity affects
the extraction of neurometrics used in adaptive cognitive
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monitoring systems. This gap limits the translational
potential of consumer EEG for intelligent brain-aware
applications, where accurate mental state tracking is
crucial for machine adaptation. In this regard, recent
comparative studies on wearable EEG devices have
mainly focused on signal-centric metrics such as signal-
to-noise ratio, power spectral density (PSD) stability, or
event-related potential (ERP) robustness under tightly
controlled laboratory conditions [13-15]. While these
works demonstrated that consumer-grade systems can
capture the main spectral components of the EEG, they
also reported higher variability, reduced amplitude in
ERP responses, and lower reliability across sessions
when compared to medical- or research-grade systems.
A more recent review [16] highlighted that motion- and
electrode-related artefacts remain one of the main limi-
tations of wearable EEG, especially when dry or saline
sensors are used in dynamic or ecological contexts. In
addition, studies assessing connectivity or higher-order
neurometric indices are still scarce and limited to highly
controlled resting-state paradigms [17]. Consequently,
the reliability of wearable EEG in real-world and task-
oriented scenarios—particularly concerning its ability
to reproduce meaningful neurometric indicators (e.g.,
workload, engagement, attention) and their convergence
with subjective experience—remains largely unexplored.

1.3 Motivation for EEG systems selection

To provide a meaningful comparison representative
of both research- and consumer-grade EEG systems,
we selected Emotiv EPOC X, Muse S, and Mindtooth
Touch. The choice of EPOC X and Muse S was guided
by their extensive adoption in the scientific literature
and their complementary design approaches. A biblio-
metric review conducted over 916 studies found that
approximately 68% of consumer-grade EEG applications
employed Emotiv systems, whereas Muse-based devices
accounted for around 8%, ranking second among com-
mercial wearables [18—21]. A separate systematic review
of wireless EEG studies reported similar findings, with
Emotiv devices representing 24.6% of the total sam-
ple, followed by Muse among the most frequently used
headsets [20, 22, 23]. Conversely, Mindtooth Touch was
included as a research-grade reference, as it integrates
active saline sponge electrodes and high-resolution front-
end electronics, previously validated against gel-based
laboratory systems for applications in neuroergonomics
and human factors research [1, 24—26].

Together, these three devices capture the current land-
scape of wearable EEG—from low-cost consumer to
high-fidelity research systems—offering a technically and
practically representative benchmark for real-world pas-
sive-BCI applications.
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To address the above-described gaps, the present study
adopts an ecological benchmarking approach that simul-
taneously evaluates three representative EEG devices
across four complementary axes: signal quality, tempo-
ral stability, neurometric discriminability, and alignment
with subjective reports. A structured summary of previ-
ous comparative investigations and their methodological
gaps is provided in Supplementary Table S1.

1.4 Objective of the study

This study aims to provide a comprehensive and system-
atic comparison of two wearable and widely used con-
sumer-grade EEG systems—Emotiv EPOC X and Muse
S—within the context of passive BCI applications, with
respect to a research-grade EEG system (i.e., the Mind-
tooth Touch) chosen as reference. The Mindtooth Touch
was selected as a reference device due to prior validation
studies that demonstrated its ability to provide EEG sig-
nal quality comparable to traditional gel-based systems in
passive BCI contexts [26]. The three systems considered
in this work—Mindtooth Touch, Emotiv EPOC X, and
Muse S—differ in design philosophy, technical specifica-
tions, and price, with each device optimized for different

Table 1 Summary of the technical specifications associated to
each of the three wearable EEG systems considered in the study

Emotiv EPOC X Mindtooth Muse S
Touch
Weight 170 g 158 ¢g 419
Samplerate 2048 internal downs- 125,250 or 256 Hz
ampled to 128 SPS or 256 500 Hz
SPS (user configured)
Sample 14 bits or 16 bits 24 bits 14 bits
Resolution
Battery Life ~ Upto 12 h using USB Upto4h 10h
receiver, up to 6 h using
Bluetooth Low Energy
Electrodes Saline soaked felt pads Salt-water Silver
sponge-based  thread
fabric
(20%
silver con-
tent, 80%
polyam-
ide fabric
(nylon))
Num. Of 14 8 4
Channel
Electrode AF3,F7,F3,FC5,T7,P7, AFz,AF3, AF4, AF7, AF8,
sites 01,02, P8, T8, FC6, F4, AF7, AF8,PZ,P3, TP9,and
F8, AF4 and P4 TP10
Ref CMS/DRL references at Mastoid FPz
P3/P4; left/right mastoid
process alternative
Starting price ~999,00 $ ~8.500,00 € ~379,99
(Official €

website)
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trade-offs between cost, usability, and signal fidelity. The
evaluation focuses on the following key dimensions:

1. Signal Quality Evaluation of artefact incidence and
the temporal stability of EEG signals during both
resting and task-engaged states.

2. Neurometric Reliability Assessment of the
robustness and consistency of cognitive indices
(e.g., workload, attention, vigilance, approach—
withdrawal) derived from each device across time
and conditions.

3. Responsiveness to Cognitive Demand Examination
of each system’s ability to distinguish between
experimental conditions involving different levels of
task difficulty.

4. Correlation with Subjective rating Analysis of the
alignment between EEG-derived metrics and
participants’ self-reported measures of effort,
comfort, and perceived demand.

To address these goals, participants engaged in a mul-
timodal experimental protocol including emotionally
evocative video viewing, multitasking under varying dif-
ficulty levels, and immersive driving simulations. EEG
data were analysed using validated neurometrics and
complemented by subjective assessments to benchmark
each system's performance in a realistic operational con-
text. By combining objective signal quality assessments
with neurometric validation and subjective self-reports,
this study contributes to the field of brain informatics by
informing the development and deployment of wearable
EEG systems for passive BCIs and computational models
of cognitive state in real-world scenarios.

2 Material and methods

2.1 EEG devices included in the study

The three devices under analysis—EPOC X (Emotiv),
Mindtooth Touch (Brain Products GmbH), and Muse
S (InteraXon)—are described below in relation to the
objectives of the present study. Pairwise comparisons
were conducted between the Mindtooth Touch—Emo-
tiv EPOC X and Mindtooth Touch—Muse S configura-
tions, with the Mindtooth Touch serving as the reference
device. This choice is motivated by prior validation stud-
ies demonstrating that the Mindtooth Touch achieves
research-grade signal quality, comparable to traditional
gel-based EEG systems [26].

A summary of the main technical specifications of the
devices is provided in Table 1.

The Emotiv EPOC X (Emotiv Inc., San Francisco, Cali-
fornia, USA) is equipped with 14 acquisition channels,
with electrodes positioned on specific points of the cere-
bral cortex. The electrodes are located on F3, F4, AF3,
AF4, F7 and F8 to monitor the neural activity of the
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frontal lobe of the subject's brain; T7, T8, FC5 and FC6
for the temporal lobe, while the signals from the parietal
lobe are acquired through the electrodes positioned on
P8 and P7. The EEG signals are recorded using saline-
soaked felt sensors, which ensure good quality of contact
with the skin. The system includes CMS/DRL references
located on P3/P4, with the possibility of also using the
left and right mastoid processes as alternative references,
depending on the experimental needs. As for data acqui-
sition, the device records data with an internal sampling
rate of 2048 Hz, which is then reduced to 128 or 256
samples per second (SPS), depending on the user-config-
urable settings. The signal resolution is 14 bit (0.51 uV)
or 16 bit (0.1275 pV), depending on the selected mode.
The system has a bandwidth between 0.16 and 43 Hz,
with digital notch filters at 50 Hz and 60 Hz to reduce
network noise. The device is powered by an internal 595
mAh lithium polymer battery, which allows up to 12 h
of autonomy when used with the USB receiver and up to
6 h in Bluetooth Low Energy mode. The device measures
9x15x15 cm and weighs 170 g, making it compact.

The Mindtooth Touch headset (Brain Products GmbH,
Gilching, Germany) is an advanced wearable EEG system
designed to monitor brain activity in real time in a com-
fortable and precise way. The device consists of two main
parts, anterior and posterior, connected to each other by
an adjustable elastic band that allows an optimal adap-
tation to the shape of the user's head. The frontal part
integrates five EEG sensors (AFz, AF3, AF4, AF7, AF8),
positioned on the forehead area. All electrodes and bases
for the sponge electrode holders are incorporated into
the structure of the device, minimizing invasiveness. The
posterior section houses three parietal EEG sensors (P3,
Pz, P4) and the housing for the amplifier module. The
reference and mass sensors are placed on the mastoid
processes. The electrodes are mounted on flexible arms
with extended rotating segments, designed to ensure
stable contact with the scalp, adapting to different cranial
conformations. The system supports up to 8 active EEG
channels, in addition to the reference and ground elec-
trodes. EEG data can be sampled at 125, 250 or 500 Hz,
with a resolution of 24 bits per sample. The bandwidth
varies according to the sampling frequency: from 0.1
to 33 Hz (at 125 Hz), up to a maximum of 131 Hz (at
500 Hz). Data transmission occurs via Bluetooth® Low
Energy (BLE) version 5.0. The device is powered by two
lithium button batteries (3.7 V, 240 mAh), which ensure
lightness and autonomy for prolonged sessions. The
physical interface with the amplifier module is ensured
by a 10-contact magnetic connector and 3 magnets. The
compact size (53x53x15 mm) and low weight (158 g)
facilitate its use even in field research contexts.

The Muse S (InteraXon, Ontario, Canada) features 4
EEG channels and 4 amplified auxiliary channels, with
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a sampling rate of 256 Hz and a recently improved reso-
lution of 14 bits per sample. The EEG electrodes, made
of conductive fabric with 20% silver content and 80%
polyamide (nylon), are located at TP9, AF7, AF8, and
TP10, with the reference electrode at FPz (CMS/DRL).
The electrodes are dry and use silver fibre technology,
which allows for signal collection without the need for
conductive gel, facilitating daily and extended use. The
central module is made of polycarbonate plastic with a
soft-touch finish, equipped with integrated magnets and
glued using specially selected glues for assembly. The
device is fixed to a soft and adjustable band. The compact
size (6x3x 1.5 cm) and low weight (approximately 41 g)
make this EEG system particularly suitable for night-time
use.

2.2 Experimental protocol design

The experimental sample consisted of 24 healthy partic-
ipants (11 males and 13 females), aged between 24 and
28 years, with no prior diagnosis of psychiatric or neuro-
logical disorders, in order to avoid interference related to
physiological or pathological conditions. Recruited on a
voluntary basis, all participants held a category B driving
licence, considered essential to ensure familiarity with
real-world driving scenarios. Prior to the experiment,
each participant received detailed information about the
study’s objectives and procedures and signed an informed
consent form authorising the recording of electroenceph-
alographic (EEG) activity during the execution of simu-
lated tasks in a controlled operational environment. All
participants authorised the use of their data exclusively
for scientific purposes and the publication of results in
anonymised form. The experiments were conducted fol-
lowing the principles outlined in the 1975 Declaration of
Helsinki, as revised in 2000. Experiments were approved
by the Ethical Committee of the Sapienza University of
Rome (1807/2020).

The experimental protocol (Fig. 1) consists of a
sequence of tasks specifically designed to evaluate the
quality of the devices in realistic contexts (Case Study 1,
Case Study 2 and Case Study 3). Upon arrival, partici-
pants were asked to complete an informed consent form,
authorizing the anonymous use of their data for research
purposes. This was followed by a training phase lasting
approximately 7 min, during which they had the oppor-
tunity to familiarize themselves with the realistic tasks.
This phase was essential to ensure a proper understand-
ing of the subsequent experimental activities. In the ini-
tial phase of the protocol, two acquisitions lasting one
minute each are planned, during which the subject first
keeps his eyes open (EO) and then his eyes closed (EC).
The EC condition was included for the calculation of the
individual alpha frequency (IAF) [30]. The EO condition
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Fig. 1 Summary of the experimental protocol design

is used to compare the three devices in terms of spectral
characteristics [31].

2.2.1 Case study 1: advertisement viewing

Wearable EEG devices are widely used in the neuromar-
keting sector [32—34], as they allow analysing users’ neu-
rophysiological responses to emotional stimuli in real
time. In line with this perspective, the experimental pro-
tocol adopted in this study included a section dedicated
to the viewing of video content designed to evoke differ-
ent emotions, with the aim of investigating the variations
in brain activity associated with different affective con-
ditions. Regarding the audiovisual materials employed,
the neutral video used consisted of a 41-s excerpt from
a documentary about the city of Pietraperzia (Italy).
This content, which had previously been validated in the
E-Movie study, was classified as neutral, exhibiting a low
level of arousal and valence values close to the mean. The
emotional video, on the other hand, was a 46-s excerpt
from the music video Firestone by Kygo. It was selected
because it presented similar characteristics to those of
the high valence and high arousal videos included in the
DEAP dataset (Dataset for Emotion Analysis Using Phys-
iological Signals) [35], widely recognized in literature

for the classification of audiovisual stimuli based on the
emotional responses evoked. It was preferred not to use
the DEAP videos directly because, being dated material,
they offered a visual resolution that is too low, poten-
tially inadequate for current perceptual standards and
therefore less effective in emotional stimulation. The vid-
eos were viewed using a computer, with the participant
sitting on a chair in a comfortable position, in order to
ensure maximum relaxation and stability during the
exposure phase to the visual stimuli.

2.2.2 Case study 2: controlled laboratory task

This phase of the experimental protocol initially involved
the separate execution of cognitive tasks, followed by
their simultaneous execution in two multitasking condi-
tions, which differed in terms of difficulty level. The tasks
selected for this phase was as follows:

1.  Mental calculation (top left): Participants had to
solve addition operations by entering the results
using a numeric keypad. As the difficulty increases,
the number of digits and the presence of carryover
in the operations increases.
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2. Auditory monitoring (top right): In this phase,
subjects had to identify a target tone emitted
between two tons of different frequencies, presented
at regular intervals. Increasing difficulty manifests
itself in a greater similarity between the target tone
and the distractor tone.

3. Visual monitoring (bottom left): Participants had to
reset a horizontal fill bar as soon as it reaches the
end. As the difficulty increased, the speed of filling
the bar increased.

4.  Telephone number entry task (bottom right):
Subjects were asked to enter a sequence of numbers
on a numeric keypad. Increasing difficulty was
associated with an increase in the number of digits
to be entered.

Participants were initially asked to complete each of the
four tasks separately, with a duration of 30 s for each
task (auditory monitoring, visual monitoring, entering
a phone number, and mental calculation in the easy and
difficult versions). Subsequently, the subjects performed
the tasks simultaneously during a multitasking phase,
divided into two levels of increasing difficulty, with a
duration of 1 min for each level.

It has been demonstrated in previous studies that
the simultaneous execution of multiple cognitive tasks
involves a significant increase in mental workload com-
pared to managing a single task, requiring greater activa-
tion of cognitive resources.

2.2.3 Case study 3: realistic driving

The objective of this phase of the experimental protocol
was to evaluate the performance of the three wearable
EEG devices during a simulated driving task in a realistic
and immersive context. The simulator used replicated the
typical configuration of a car, including a steering wheel,
gear shift, and a pedal set with clutch, brake, and accel-
erator. The participant was seated on a non-rolling chair
positioned in front of a desk. On the desk, the steering
wheel and three 27-inch monitors were installed in a
panoramic arrangement, recreating a highly immersive
virtual driving environment. This type of task was well-
suited for analysing variations in cognitive load, atten-
tion, and stress levels—key parameters for assessing the
reliability and sensitivity of EEG devices in complex oper-
ational scenarios. The driving phase was divided into two
sessions, each lasting two minutes. The first one, of lower
difficulty, included the route called “Fiera di Roma’, dur-
ing which the subject was asked to respect the road signs
and the speed limits imposed (about 40 km/h), simulat-
ing ordinary driving in an urban environment. The sec-
ond session, characterized by higher complexity, used
the “Fiera di Roma — Circuit” route and did not include
speed limits, thus increasing the cognitive demand and
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time pressure. This distinction allowed us to analyse
the impact of the difficulty of the driving context on the
recorded neurophysiological activity.

2.3 Subjective data

At the end of each block of the protocol, participants
were asked to complete a questionnaire—written in
Italian—aimed at collecting subjective data related to
their experience. The questionnaire consisted of three
questions, each of which required a response on a VAS
(Visual Analogue Scale) scale from 1 to 10, where 1 indi-
cated the minimum value and 10 the maximum value.
The first question was aimed at assessing the level of
comfort perceived during the use of the EEG device, and
it was formulated as follows: "What is your level of com-
fort regarding the device you are wearing?". The next two
questions were instead aimed at measuring the psycho-
physical state of the subject and the effort required by
the task performed: “How tired do you feel right now?”
and “How much effort did you put into completing the
last task?”. It has to be underlined that, even if reported
in English for reading purposes, all the questionnaires
were provided in Italian (i.e., the native language of the
involved participants). These subjective measurements
were systematically collected at the end of each of the
following phases: recording in resting state conditions,
viewing of the two commercials, single task execution,
multitasking session, and realistic driving with increas-
ing difficulty. Their analysis allowed us to evaluate, in a
complementary manner to the EEG data, the cumula-
tive effect of the experimental protocol and the perceived
usability of the tested wearable devices.

2.4 EEG data recording and processing

Each participant repeated the experimental proto-
col three times, wearing each of the analysed devices.
To avoid a possible bias deriving from the sequence of
assembly of the devices, the order of use was randomized
among the participants. The EEG signal was acquired
using the three abovementioned EEG headset: Emotiv
EPOC X, Mindtooth Touch and Muse S, with sampling
rates of 256 Hz, 250 Hz and 256 Hz, respectively. To stan-
dardize the data and allow direct comparison between
devices, all signals were resampled to 512 Hz. Before
starting the EEG signal analysis, a pre-processing phase
was performed to identify and correct eventual physi-
ological and non-physiological content unrelated to the
cerebral activity of interest (i.e., ocular, muscular, and
movement-based artifacts). In this regard, the EEG sig-
nal was band-pass filtered with a 5th-order Butterworth
filter in the interval 2-30 (Hz). The eye blink artefacts
were detected and corrected online by employing the
0-CLEAN method [36, 37]. For further sources of arte-
facts, such as the ones deriving by muscular activity and
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movements, ad-hoc algorithms based the EEGLAB tool-
box [38] were applied. More specifically, two statistical
criteria were applied to the 1-s-long pre-processed EEG
signal. Firstly, EEG epochs with the signal amplitude
exceeding+ 120 uV were marked as “artefacts” Secondly,
such EEG epochs marked as “artefacts” were removed
from the EEG dataset to obtain an artefacts-free EEG
dataset. Once artifact-free signals were obtained, the
Global Field Power (GFP) [39, 40] was calculated for
each frequency band. The GFP represents an index of
the degree of spatial synchronization of cortical activity
and constitutes a preliminary step for the calculation of
specific neurophysiological indices of mental state, such
as Stress, Workload, Attention, Vigilance and Approach
Withdrawal.

The frequency bands definition was performed indi-
vidually, on the basis of the Individual Alpha Frequency
(IAF), computed for each participant during the record-
ing in the closed-eye condition, the phase in which the
alpha peak typically occurs. In accordance with the IAF
value, the bands were defined as follows:

« Theta: [IAF — 6 +IAF — 2] Hz

+ Alpha Low: [IAF — 2+IAF] Hz

« Alpha High: [IAF+IAF +2] Hz

« BetaLow: [IAF+2+IAF+11] Hz

+ Beta High: [IAF+11+IAF +16] Hz.

2.5 Performed analyses

In order to best evaluate the potential application of the
devices under examination in real-world passive BCI
contexts, the analysis was structured within four main
sections: EEG Signal Comparisons; EEG Spectral Fea-
tures Comparisons: Neurometrics; Passive BCI Monitor-
ing; and Subjective Perceptions. For all the performed
statistical analyses, to reduce the probability of false
positives due to multiple comparisons, the Benjamini—
Hochberg false-discovery-rate (FDR) correction (q=0.05)
was applied within logically defined families of analyses:
i) artefact-rate comparisons, ii) PSD correlations, iii)
condition-discrimination tests on neurometrics, and iv)
repeated-measures correlations between physiological
and subjective variables. Therefore, the adjusted p-val-
ues were reported alongside effect sizes. To control for
potential effects related to the sequential use of the three
EEG headsets (Mindtooth Touch, Emotiv EPOC X, Muse
S), the order of device use was randomized across par-
ticipants. In addition, a post-hoc analysis was performed
to verify whether learning, fatigue, or sequence-related
factors could have influenced the results. Specifically,
for each neurometric (Mental Workload, Attention,
Vigilance, and Approach—Withdrawal), a linear mixed-
effects model (LME) [41] was fitted including Device,
Condition, and Order (i.e., first, second, or third device
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used) as fixed effects, and Subject as a random inter-
cept. The Devicex Order interaction was examined to
assess whether device performance varied as a func-
tion of testing order. No significant main or interaction
effects involving Order were found (all p>0.20), indicat-
ing that neither learning nor fatigue biased the observed
results. To further verify this outcome, a sensitivity check
restricted to each participant’s first session confirmed the
same pattern of significance.

2.5.1 EEG signal comparisons

The initial comparison involved a technical analysis
between the Mindtooth Touch device (reference) and the
two consumer grade devices, Emotiv Epoc X and Muse S.
This analysis was conducted exclusively for technical pur-
poses, with the aim of evaluating the instrumental per-
formance of the devices under examination.

In the first phase, for each device the percentages of
artifacts detected on all available channels were calcu-
lated, with the aim of estimating the overall quality of the
measurements. Subsequently, a paired-sample t-test was
performed, aimed at comparing the percentages of error
recorded on the electrodes shared between the reference
device and each of the other two devices analysed.

In the second phase, the percentage of artifacts
detected across all available channels was calculated for
each device, in order to estimate the overall quality of the
recorded signals. For each participant and each experi-
mental condition, artifact percentages were averaged
across electrodes. Subsequently, a statistical analysis was
performed using repeated-measures ANOVA, to com-
pare the mean artifact percentages, computed as channel
averages, for each device.

Furthermore, the eyes-open (EO) resting-state condi-
tion was analysed for each subject and each electrode
shared across the Mindtooth Touch—Emotiv EPOC X
and Mindtooth Touch—Muse S pairs. In this condition,
the EEG signal was segmented into two equal temporal
halves. For each subject and each shared electrode, the
Power Spectral Density (PSD) was computed separately
for the first and second halves of the EO signal.

As an initial step, intra-device correlations were com-
puted between the power spectral densities (PSDs) of the
first and second halves of the EEG recording obtained
with the Mindtooth Touch. This analysis was performed
separately for each participant and electrode, provid-
ing a reference measure of temporal spectral stability
under a controlled condition. The eyes-open (EO) resting
state, used as the baseline condition, is characterized by
minimal cognitive and behavioral fluctuations; thus, the
EEG signal—and its corresponding spectral profile—is
expected to remain stable over time. High correlation
values between the two halves would therefore indicate
a consistent signal, whereas notable deviations from this
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pattern may suggest the presence of temporal instabilities
or artefactual noise in the recording.

Subsequently, inter-device correlations were computed
by comparing the PSDs from the first half of the EO rest-
ing-state signal recorded with the Mindtooth Touch and
the second half recorded with either the Emotiv EPOC
X or the Muse S, for the same participant and electrode.
This approach enabled the assessment of signal similarity
and temporal coherence across devices, under compara-
ble experimental conditions, while accounting for inter-
session variability.

To statistically compare the intra-device (reference)
and inter-device correlations, paired-sample t-tests were
conducted for each shared electrode, testing whether the
correlations between Mindtooth Touch and each con-
sumer device significantly differed from the Mindtooth
Touch’s own internal consistency.

Additionally, to assess the intrinsic temporal stability
of the consumer-grade devices, intra-device PSD cor-
relations were computed for both the Emotiv EPOC X
and Muse S, using the same split-half procedure previ-
ously applied to the Mindtooth Touch. These values were
then statistically compared to the Mindtooth-derived
reference correlations using paired t-tests. This analysis
aimed to evaluate whether each device, independently
of inter-device comparisons, was capable of maintaining
consistent spectral features over time during a condi-
tion—namely, the eyes-open resting state—in which EEG
dynamics are expected to remain relatively stable.

2.5.2 EEG spectral features comparisons: neurometrics

In many applications outside the laboratory context pas-
sive Brain-Computer Interfaces (BCIs) represent a prom-
ising technology for the continuous monitoring of the
user's psychophysiological state. Such systems allow to
extract information related to different human factors,
enabling the development of solutions aimed at improv-
ing operational performance and safety, especially in real
and dynamic scenarios.

In this study, with the aim of comparing the perfor-
mance of three wearable EEG devices in the context of
passive BCI, four neurometrics, widely used in research
fields on pBCIs were considered: Vigilance, Mental
Workload, Attention and Approach Withdrawal (AW).
The term neurometric is used to indicate the quantitative
measure of each human factor, obtained through a spe-
cific combination of the Global Field Power (GFP) values,
calculated in the different EEG frequency bands.

Vigilance Such a mental state can be defined as the abil-
ity to maintain a constant level of attention and reactivity
over time. A physiological decrease in Vigilance is com-
monly associated with a progressive degradation of per-
formance, evidenced by an increase in reaction times and
a reduction in situational awareness. On the contrary,

Page 8 of 21

maintaining an adequate level of activation during the
entire execution of the task is essential to guarantee
stable and optimal performance [42, 43]. The processes
related to Vigilance mainly involve the right inferior fron-
tal brain regions.

Vigilance = FrontalBetag%h;

Mental Workload (MWL) It quantifies the mental
resources employed during a task and is correlated with
performance [44—46]. It is defined as the ratio between
frontal activity in the theta band and parietal activity in
the alpha band [47, 48].

MentalWorkload = FrontalThetagrp

Parietal Alphagrp

Approach Withdrawal (AW) Since wearable devices in
realistic contexts are widely used in advertising research,
the Approach Withdrawal (AW) index was calculated
to quantify the type of motivation (degree of approach/
avoidance) towards the two spots included in the pro-
tocol. This index, which was initially developed by
Davidson et. al in 1990 [49], is based on hemispheric
asymmetries in the alpha frequency range on prefrontal
electrodes and represents a widely accepted correlation
between motivation related to approach and avoidance
[50-53].

AW = FrontalAlphag’%}g — FrontalAlphalé{;tP

Attention is defined as the set of cognitive processes
responsible for the selection, filtering and process-
ing of relevant stimuli, in order to produce behavioural
responses appropriate to the context.

Attention = —Frontal Alphagrp

However, considering that the aim of the analysis was to
compare the measurements obtained by the two devices
under examination with respect to the reference device
(i.e., Mindtooth Touch), the formulas relating to the cal-
culation of the neurometrics were appropriately adapted
by taking into account only the electrodes that were com-
mon between the different configurations. Specifically,
the AF3 and AF4 electrodes were used for the compari-
son between Emotiv EPOC X and Mindtooth Touch,
while the AF7 and AF8 electrodes for the comparison
between Muse S and Mindtooth Touch. In particular, as
regards the neurometrics relating to the Mental Work-
load, the formula was modified by excluding the denomi-
nator, as some electrodes necessary for the complete
calculation were not available on both devices.
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After calculating the metrics in the temporal domain
for each subject, the data were normalized with respect
to the baseline, corresponding to the eyes-open condi-
tion. All analyses and comparisons involving the use
of neurometrics were therefore performed on the nor-
malized data. Subsequently, a moving average filter was
applied with a 5, 10, 15, and 30 s-length window to the
neurometrics. The application of moving averages with
progressively larger windows was employed for a reduc-
tion of missing values along the neurometrics time series
because of the artifacts, as removed epochs are com-
pensated within the averaging window. In other words,
by including a greater number of samples, the averaging
operation ‘absorbs’ the artifacts, preventing the formation
of ‘gaps’ in the neurometric time series. Given these con-
siderations, the use of a moving average can be regarded
as a potentially effective strategy to reduce the impact of
artefacts. It therefore becomes important to determine
the minimum temporal resolution—i.e., the smallest
averaging window—needed to achieve an artefact rejec-
tion rate comparable to that of a research-grade system
in the resulting neurometric time series. To further char-
acterize the effect of the smoothing-window length on
signal robustness and neurometric consistency, we sys-
tematically quantified how different averaging windows
(0, 5, 10, 15, and 30 s) affected both the residual artefact
rate and the correlation between each consumer-grade
device and the reference Mindtooth Touch. This analysis
was conducted using the same datasets employed for the
main comparisons and included all participants.

Furthermore, the percentages of artifacts associated
with neurometrics in each experimental condition were
calculated for each device, with the aim of ensuring not
only the reliability of the results, but also of evaluat-
ing the quality of the metrics themselves. Given that the
Neurometric has a temporal resolution of one second, all
missing values resulting from the removal of invalid data
within the analysed one-second interval—such as those
caused by noise or signal loss—were defined as arti-
facts. To this end, statistical comparisons were carried
out using paired-sample t-tests, comparing the percent-
ages of artifacts detected by using the Mindtooth Touch
device with those obtained, respectively, by using the
Emotiv EPOC X and the Muse S, in each condition.

Taking into account the conditions in which the met-
rics could be better appreciated, comparisons were per-
formed through correlation analyses between the metrics
obtained from the reference device, the Mindtooth
Touch, and those recorded using the Emotiv EPOC X.
Similarly, correlations were also carried out between the
metrics recorded with the Mindtooth and those obtained
with the Muse S.
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2.5.3 Passive BCl monitoring

In this case, for each subject and for each normalized
metric, the mean relative to the different experimental
conditions was calculated. The comparisons were con-
ducted separately for each pair of devices: Mindtooth
Touch-Emotiv EPOC X and Mindtooth Touch—Muse
S. For each comparison, a Friedman ANOVA was per-
formed, considering the following pairings of condi-
tions: neutral spot vs emotional spot, math easy vs math
hard, multitasking easy vs multitasking hard and driving
easy vs driving hard. The 'device' factor was inserted as a
between-subjects variable, in order to evaluate, for each
pair, the ability of wearable EEG systems to discriminate
between the different experimental conditions.

2.5.4 Subjective perceptions

At the end of the various experimental conditions (view-
ing videos, performing a single task, multitasking, and
simulated driving), as well as following the initial resting
phase (with eyes open and eyes closed), participants were
asked to fill a questionnaire aimed at collecting a subjec-
tive evaluation of perceived comfort, the effort required
to perform the task, and the level of fatigue experienced
at the end of each condition. Statistical analyses were
conducted on the data related to perceived comfort.
Since the collected data did not meet the assumptions of
normality, a non-parametric Friedman ANOVA was per-
formed, which is appropriate for ordinal or non-normally
distributed data. This analysis allowed for the assessment
of whether statistically significant differences in per-
ceived comfort existed across the different experimen-
tal conditions, as well as, consequently, over time and
according to the device used. With regard to subjective
measures of effort, the values of mental workload neu-
rometrics obtained from each device were subsequently
compared with the corresponding scores reported in the
questionnaires. For each device, the level of effort was
normalized with respect to the values recorded during
the baseline phase, i.e., those reported by participants
at the end of the initial EO and EC conditions. The aver-
age Workload value was then calculated for each experi-
mental condition (commercials, single task, multitasking,
driving) with the aim of verifying its consistency with the
subjective assessments provided through the question-
naire. The initial comparison between the neurometric
values of Mental Workload and the subjective evalua-
tions of effort was conducted using a Friedman ANOVA,
aiming to identify any significant differences across the
various experimental conditions and between devices.

A further analysis was conducted by calculating the
repeated measures correlations, comparing the subjec-
tive scores of efforts with the Mental Workload values
recorded by the three devices considered: Mindtooth
Touch, Emotiv EPOC X and Muse S. This technique
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allows to estimate the common association within each
individual between two variables measured on two or
more occasions, avoiding the violation of the assump-
tion of independence of observations, a typical violation
of simple correlations or traditional regressions. In the
graphs resulting from this analysis, each line represented
the estimated correlation for each participant, while the
coloured dots indicated the distribution of the data rela-
tive to the single subject [54]. Through this analysis, the
relationship between subjective indices and neurophysi-
ological measures was examined, both at the individual
and group level. For each participant, four values were
considered, corresponding to the four experimental
conditions, excluding the baseline, used exclusively for
normalization. The analysis focused on the MWL neu-
rometric, as it is the most coherent and sensitive with
respect to the subjective perceptions of effort.

3 Results

The results have been organized in four different subsec-
tions, according to the main sections constituting the
performed analysis described in the previous paragraph,
to facilitate the reader. All the results are here shortly
described, pointing out the relevant findings, while they
will be commented in a more comprehensive view along
the Discussion section.

3.1 EEG signal comparisons

The results presented in this subsection were obtained
following an analysis aimed at comparing the devices
mainly from a signal quality point of view, through the
direct examination of the EEG signals recorded by each
device.

The comparison of artefact percentages on shared elec-
trodes was carried out for each pair analysed. For the
Mindtooth Touch—Emotiv EPOC X pair, the comparison
of artefact percentages, calculated for each condition, on
the shared electrodes was conducted using the paired-
samples statistical test. The analysis showed that, in most
cases, no statistically significant differences were found
between the two devices with regard to the percentage
of artefacts recorded on electrodes AF3 and AF4. How-
ever, while performing the driving tasks the percentage of
artifact identified for Emotiv EPOC X on AF3 and AF4
channels was significantly higher compared to the one
computed for Mindtooth Touch (Easy driving condition,
AF3: p=0.014,; Easy driving condition, AF4: p=0.048;
Hard driving condition, AF3: p=0.001; Hard driving
condition, AF4: p=0.025). Furthermore, a significant
difference was also found in the single-task Easy Math
condition, where the anterofrontal EEG channels of the
Emotiv EPOC X were affected by a higher artifact per-
centage (AF3: p=0.036; AF4: p=0.021).
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A similar statistical analysis was performed for the
Mindtooth Touch-Muse S pair. In that case, no statis-
tically significant differences were observed between
the artifact percentages calculated for each experimen-
tal condition on shared electrodes between Mindtooth
Touch and Muse, i.e. AF7 and AF8. However, the Muse
S showed extremely high artefact percentage values on
channels TP9 and TP10. The statistical comparison with
the Mindtooth Touch was nonetheless carried out exclu-
sively on the shared electrodes.

An additional analysis was also conducted on the per-
centage of artefacts detected on the electrodes. The val-
ues were averaged across electrodes for each participant
and for each experimental condition. The result of the
statistical analysis, performed using Friedman ANOVA
and aimed at comparing the mean artefact percentages
among the three devices, showed that the higher aver-
aged percentage of artifacts was observed for Muse S
device, while the averaged percentage of artifacts iden-
tified for Emotiv EPOC X device was statistically higher
than the one identified for the Mindtooth Touch (F=3.97,
p<0.001, n>=0.26) (Fig. 2).

As can be observed from the above representation, the
statistical test revealed a significant difference between
the Muse S and the Emotiv EPOC X (p<0.001), as
well as between the Muse S and the Mindtooth Touch
(p<0.001).

Finally, a further statistical analysis was performed by
considering the reference correlations, i.e., PSD of the
first half of the Mindtooth Touch EEG data — PSD of
the second half of the Mindtooth Touch EEG data, both
recorded during the eyes open condition, and the cor-
relations between the PSD of the first half of the EEG
data recorded with the Mindtooth Touch and the PSD
of the second half of the EEG data recorded with the
Emotiv EPOC X on OA data. In this specific case, it was
observed a significant difference for the AF4 channel
(p<0.001). Similarly, the statistical comparison between
the Mindtooth Touch and Muse S in terms of spectral
temporal consistency during the eye open condition was
performed. Statistically significant differences emerged
for both considered channels (AF7: p<0.001; AFS8:
p<0.001) (Fig. 3).

Finally, to verify whether such temporal consistency
was also present within the EEG signal portion collected
through the same device, a statistical comparison was
carried out between the correlation referred to the ref-
erence device (i.e., the PSD computed on the Mindtooth
Touch EEG signal) and the respective correlation asso-
ciated with the PSD computed on the EEG signal col-
lected through the Emotiv EPOC X and Muse S devices.
According to the previous analysis, in this case the first
and second half of the eyes open condition was consid-
ered. The results revealed that, for both pairs of shared
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Fig. 2 Artifacts percentage computed for each considered EEG device and for each experimental condition. The values were averaged across all the EEG

channels

electrodes (i.e, AF3 and AF4 when considering the
Mindtooth Touch-Emotiv EPOC X, and AF7 and AF8
when considering Mindtooth Touch-Muse S), the Mind-
tooth Touch exhibited a statistically higher temporal con-
sistency (all p<0.01) (Fig. 4).

3.2 Spectral features comparison: neurometrics

The percentages of artefacts identified along the pre-
processed EEG signal are directly affecting the neuro-
metrics time series. In this analysis, the missing values
percentages occurring in the neurometrics time series
(i.e., deriving from the artifacts occurrences along the
pre-processed EEG signal) were considered to compare
the three EEG systems included in the study. The first sta-
tistical analysis revealed that the artifact percentages was
significantly higher for both the Emotiv EPOC X and the
Muse S compared to the Mindtooth Touch (all p<0.01).
In relation with the moving average application described
in Material and Methods section, a second statistical
analysis was performed to estimate the minimum moving

average window for obtaining a non-significant p-value
when comparing the considered gold-standard (i.e., the
Mindtooth Touch) and each of the Emotiv EPOC X and
Muse S.

From Table 2 it can be observed that, when consider-
ing the comparison between the Mindtooth Touch and
the Emotiv EPOC X, the minimum temporal resolution
for which the p-value was non-significant was, for most
of the experimental conditions, 10 s. A similar result
emerged when comparing the Mindtooth Touch and the
Muse S, where the minimum temporal resolution beyond
which the artefact percentages were statistically non-
different was 10 s. However, larger moving average win-
dow size (i.e., 15 s) was required during more dynamical
experimental tasks, as the driving ones.

An additional analysis was performed to compute the
Pearson’s correlations between the Mindtooth Touch-
Emotiv EPOC X and Mindtooth Touch-Muse S pairs in
terms of neurometrics. The results showed, for most of
the cases, low significant correlation values (Table 3).
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Fig. 3 Intra-device and inter-device Pearson’s correlations computed by comparing the PSD from the: i) first and second half of the EO signal recorded
with the Mindtooth Touch, and ii) first half of the EO signal recorded with the Mindtooth Touch with that from the second half recorded with either the

Emotiv EPOC X or the Muse S

Finally, a complementary analysis was conducted to
explicitly quantify how smoothing affected both artefact
rate and inter-device neurometric correlation across all
smoothing windows. Supplementary Figure F1 provides
an overview of these effects for the three EEG systems.
Panel A shows that the Mindtooth Touch retained con-
sistently low artefact levels across all windows, while
the Emotiv EPOC X and Muse S exhibited pronounced
improvements in signal robustness as the window
increased to 10-15 s. Panel B illustrates that inter-device
neurometrics correlations with the Mindtooth Touch fol-
lowed a similar trend, with the Emotiv EPOC X show-
ing higher convergence than the Muse S. Together, these
results highlight the device-specific trade-off between
temporal responsiveness and robustness, establishing an
empirical basis for selecting smoothing parameters in
consumer-grade EEG applications.

3.3 Passive BCl monitoring

The results obtained from the Friedman ANOVA, aimed
at evaluating the ability of the devices under exami-
nation to discriminate between experimental condi-
tions, showed that, in the absence of the application of
the moving average, the Mindtooth Touch was the only
device to statistically significantly discriminate among

experimental conditions coherently with the experi-
mental hypotheses. In contrast, the other two devices,
without moving averaging, exhibited unsatisfactory
performance. Overall, the Emotiv EPOC X showed bet-
ter performance than the Muse S, particularly after the
application of the moving average operator. All the
details associated with the presented statistical analysis
are reported in Table 4.

3.4 Subjective perceptions

The statistical analysis performed on the subjective rat-
ings along all the experimental conditions demonstrated
that the comfort associated with the Emotiv EPOC X was
statistically lower than the one associated with the Muse
S, but not with respect to the Mindtooth device, that is
positioned in the middle. No significant drops in terms
of perceived comfort were found during the experiment
progression for all three devices (Fig. 5).

Furthermore, a repeated measure statistical analy-
sis was performed in order to evaluate the coherence
between the subjective and physiological assessments.
More specifically, the effort subjective ratings and its
respective MWL neurometrics were compared across all
the experimental conditions.
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Fig. 4 Intra-device PSD Pearson’s correlations computed within the first and second half of the EO signal recorded with the Mindtooth Touch, Emotiv

EPOC X and Muse S

As illustrated in Fig. 6a, the subjective ratings indicated
a significantly greater effort perception during the mul-
titasking phase, compared to the other conditions. This
outcome was perfectly consistent with what was found
when assessing the MWL neurometric evaluated through
the Mindtooth Touch (Fig. 6d) (all p<0.02). With regard
to the Emotiv EPOC X and Muse S devices, the statistical
increase in terms of subjective effort perception was not
confirmed by the MWL neurometrics computed through
such devices, ie., no statistical differences during the
multitasking experimental phase in terms of EEG-based
MWL (Fig. 6e and 6f).

Additionally, the repeated measure correlation analy-
ses were performed between the EEG-based MWL
index evaluated through the three considered devices
and the effort subjective ratings. The results revealed
that the MWL measurements performed through Mind-
tooth Touch showed a greater temporal coherence with
the subjective perception compared to the ones evalu-
ated through the Emotiv EPOC X and Muse S devices
(Mindtooth Touch: R=0.84, p<0.001; Emotiv EPOC
X: R=0.57, p=0.002; Muse S: R=0.33, p=0.12) (Fig. 7).
Finally, a control analysis confirmed that neither learn-
ing nor fatigue effects influenced the main outcomes.
No significant Device x Order interactions were found in

any neurometric or condition, and repeating the analyses
considering only the first recording session per partici-
pant yielded comparable results.

4 Discussion

This study presents a systematic comparison between two
widely used consumer-grade wearable EEG systems—
Emotiv EPOC X and Muse S—and a research-grade sys-
tem, the Mindtooth Touch, in the context of passive BCI
applications under ecologically valid conditions. The aim
was to assess whether popular consumer devices, origi-
nally designed for accessibility and ease of use, can meet
the performance standards required for more demanding
cognitive monitoring scenarios. The evaluation covered
signal quality, neurometric reliability, responsiveness to
changes in mental states, and alignment with subjective
reports of effort and usability. The results highlight dis-
tinct performance profiles that reflect the devices' differ-
ing design purposes and technical capabilities, offering
practical guidance for selecting EEG systems based on
application-specific requirements and constraints.

4.1 Comparison with prior work
Our findings complement and extend earlier compara-
tive studies that typically evaluated headset performance
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Table 2 Summary of the results emerged from the analysis for identifying the minimum temporal resolution for obtaining a non-
significant p-value when comparing the considered gold-standard (i.e., the Mindtooth Touch) and each of the Emotiv EPOC X and

Muse S

Neurometric

Experimental condition

Minimum resolution
Mindtooth Touch-Emotiv EPOC X

Minimum resolution
Mindtooth Touch-Muse S

Vigilance

Mental Workload

Attention

Approach Withdrawal

Auditory

Visual

Phone

Easy Math

Hard Math

Easy Multitasking
Hard Multitasking
Easy Driven

Hard Driven
Auditory

Visual

Phone

Easy Math

Math hard

Easy Multitasking
Multitasking hard
Easy Driven

Hard Driven
Neutral Spot
Emotional Spot
Auditory

Visual

Phone

Easy Math

Hard Math

Easy Multitasking
Hard Multitasking
Easy Driven

Hard Driven
Neutral Spot
Emotional Spot

10s
5s

10s
10s
5s

10s
10s
10s
10s
10s
5s

10s
10s
5s

10s
10s
10s
10s
55

5s

10s
5s

10s
10s
5s

10s
10s
10s
10s
5s

10s

10s
10s
5s

10s
5s

10s
10s
155
155
10s
10s
5s

10s
5s

10s
10s
155
155
10s
5s

10s
10s
5s

10s
5s

10s
10s
155
155
5s

5s

Table 3 Summary of the results emerged from the Pearson’s correlations analysis between the Mindtooth Touch-Emotiv EPOC X and

Mindtooth Touch-Muse S pairs in terms of neurometrics

Comparison Neurometric Without Moving 5s-Moving Aver- 10 s-Moving 15 s-Moving 30s-
Average (R) age (R) Average (R) Average (R) Moving
Aver-
age (R)
Mindtooth Touch-Emotiv  Vigilance 0.043 0.066 0.089 0.099 0.076
EPOCX MWL 0.041 0.065 0.095 ~0.007 0.042
Attention 0.007 0.007 —-0.002 0.110 0.123
AW 0.015 0.022 0.027 0.020 0.034
Mindtooth Touch-Muse S Vigilance 0.011 0.046 0.085 0.011 0.088
MWL 0.008 0.027 0.064 0.041 0.060
Attention 0.009 0.018 0.037 0.081 0.094
AW 0011 0018 0.021 0.016 0.027

on resting-state or simple ERP tasks [20, 23]. Consistent
with those reports, the research-grade system displayed
higher spectral stability and lower artefact incidence. Yet,
our ecological design revealed additional divergences:

during multitasking and driving conditions, consumer-
grade devices exhibited larger drops in PSD consistency
and weaker neurometric discrimination between cog-
nitive-load levels. These effects appear primarily linked
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Table 4 Summary of the results emerged from the analysis
performed for identifying the ability of each considered device in
discriminating among the proposed experimental conditions

Neurometric  Task Device Results
Without 15-s
Moving Moving
Average Average
MWL Math easy vs.  Mindtooth - p=0.06
Math hard Touch
Emotiv EPOCX - -
Muse S - -
Multitasking Mindtooth p=002, -
easy vs. hard Touch W=0.26
Emotiv EPOCX - -
Muse S - -
Driving easy vs.  Mindtooth p=0.04, p=0.02,
hard Touch W=0.19 W=029
Emotiv EPOCX - -
Muse S - -
Attention Math easy vs. Mindtooth - p=0.006,
Math hard Touch W=0.39
Emotiv EPOCX - -
Muse S - -
Multitasking Mindtooth - p=0.02,
easy vs. hard Touch W=0.27
Emotiv EPOCX - -
Muse S - -
Driving easy vs. Mindtooth p=004, p=0.002,
hard Touch W=020 W=044
Emotiv EPOC X - p=0.1,
W=0.11
Muse S - -
Vigilance Multitasking Mindtooth Visual Visual
Touch
Emotiv EPOCX - Visual
Muse S - -
Multitasking Mindtooth - p=0.04,
easy vs. hard Touch W=0.19
Emotiv EPOC X - -
Muse S - -
Driving easy vs. Mindtooth p=007, p=0.01,
hard Touch W=0.14 W=027
Emotiv EPOCX - p=0.09,
W=0.12
Muse S - -
AW Video spot Mindtooth p=002, p<.001,
(Emotional vs.  Touch W=028 W=048
Neutral) Emotiv EPOCX -
Muse S p=0.1, p=0.002,
W=0.10 W=045

to motion sensitivity and reduced electrode coverage,
aspects that were rarely tested in previous studies. By
jointly analysing signal-level, neurometric, and subjec-
tive data, this study bridges the gap between traditional
laboratory validations and applied real-world EEG use
cases. In fact, EPOC X and Muse S are among the most
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prevalent consumer wearables in the literature [14, 55],
and Mindtooth Touch is validated for research-grade
operation [7, 24]. This ensured that our conclusions
would be generalizable to devices that practitioners actu-
ally use in ecological monitoring and that observed per-
formance gaps reflect category-level trade-offs rather
than idiosyncratic choices.

4.2 Signal quality and temporal stability

One of the main challenges in out-of-the-lab EEG appli-
cations is maintaining stable and clean signal acquisi-
tion in the presence of movement and environmental
variability, so limiting the number of artifacts coupled
to the signal. Across all experimental conditions, Mind-
tooth Touch demonstrated superior signal quality, with
significantly lower artefact incidence compared to both
Emotiv EPOC X and Muse S. This difference became par-
ticularly evident in more dynamic tasks, such as the driv-
ing simulation, where the consumer devices exhibited
an increased number of artefactual segments, likely due
to less stable electrode contact and higher sensitivity to
motion artefacts.

Temporal stability was assessed through intra-device
and inter-device correlations of the EEG power spectral
density (PSD) computed on separate temporal segments.
The Mindtooth Touch consistently showed higher inter-
nal consistency, with strong correlations between the
first and second halves of the same recording, a proxy
for signal stationarity. In contrast, the Muse S and Emo-
tiv EPOC X devices yielded significantly lower correla-
tions both within and across devices, suggesting that
their recordings are more affected by transient artefacts
or less stable signal acquisition. These results underscore
the necessity of high signal fidelity for reliable EEG-based
cognitive monitoring in uncontrolled environments.

4.3 Reliability of the neurometrics

The ability to extract meaningful neurophysiological
indices from EEG data is a core requirement for passive
BCI applications. This study examined four key neu-
rometrics: mental workload, attention, vigilance, and
approach-withdrawal. Mindtooth Touch provided robust
neurometric time series with low proportions of missing
data due to artefact rejection. In contrast, Emotiv EPOC
X and Muse S exhibited significantly higher loss of valid
data, especially during physically or cognitively demand-
ing tasks.

The application of moving average filters was explored
as a strategy to mitigate the impact of artefacts. A tem-
poral smoothing window of at least 10 s was neces-
sary for Emotiv EPOC X and Muse S to approach the
artefact resistance of Mindtooth Touch. However, this
approach reduces temporal granularity, making these
devices less suitable for applications requiring real-time
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considered EEG systems

or fine-grained tracking of cognitive states. Furthermore,
even after filtering, neurometrics derived from Emotiv
EPOC X and Muse S showed low correlation with those
extracted from the reference device. This lack of conver-
gence suggests that, beyond noise, differences in hard-
ware design (e.g., electrode type, impedance control,
channel placement) affect the fidelity of the extracted
cognitive markers. Moreover, to ensure a fair comparison
across devices with different electrode layouts, all neuro-
metrics were computed using only the electrodes shared
between the reference and each consumer-grade system

(AF3-AF4 for EPOC X, AF7-AF8 for Muse S). This
approach allowed maintaining methodological consis-
tency while isolating the contribution of hardware differ-
ences to overall performance. In addition, the systematic
evaluation of smoothing-window duration (Supplemen-
tary Figure F1) revealed that performance stabilization
occurred within a 10-15 s range for both consumer-
grade systems, while the Mindtooth Touch remained
largely unaffected by smoothing. These results corrobo-
rate the interpretation that consumer-grade devices,
though more sensitive to transient noise, can achieve
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Mindtooth Touch measurements

Emotiv EPOC X measurements

Muse S measurements

Subjective ratings

Fig. 7 The repeated measure correlation analysis performed between the Mental Workload measurements performed by each of the three considered
EEG systems and the subjective ratings highlighted how the ones evaluated by Mindtooth Touch were more significantly coherent with the participants’
perceptions
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marginal acceptable neurometric reliability through
moderate temporal averaging. This empirical evidence
provides practical guidance for optimizing signal pro-
cessing in future real-time applications of wearable EEGs
outside laboratory settings.

4.4 Passive BCl responsiveness

A key objective of this study was to evaluate the devices'
ability to detect changes in cognitive state in response to
varying task demands, a fundamental requirement for
passive BCIs. Statistical comparisons between experi-
mental conditions (e.g., math easy vs. hard, multitasking
easy vs. hard, driving complexity) revealed that only the
Mindtooth Touch was able to consistently detect signifi-
cant differences in neurometrics across tasks, aligning
with expected cognitive load variations.

Emotiv EPOC X showed marginal improvement in
some conditions following the application of a 15-s
moving average but still failed to reliably discriminate
between all task contrasts. Muse S demonstrated the
weakest performance, with neurometrics that were
largely unresponsive to task difficulty. This pattern is con-
sistent with the observed performance gradient across
devices, which appears to align with their respective
price points.

4.5 Why do devices differ?

This section also extends the discussion by comparing
how each device’s hardware choices specifically influ-
enced its performance in our results. The performance
differences observed across headsets can be largely
explained by their hardware architecture and mechanical
design. Research-grade systems, such as the Mindtooth
Touch, employ semi-dry active electrodes with built-in
impedance monitoring and high-resolution front-ends
(24-bit ADCs), which ensure a stable contact and reduce
motion-related artefacts [32, 55-57]. In contrast, most
consumer-grade systems rely on saline or fabric-based
passive electrodes, which are more prone to drying and
micro-movements, leading to increased low-frequency
drifts and sporadic signal dropouts [14, 15]. The channel
layout also plays a major role: devices with limited frontal
coverage or without parietal electrodes cannot compute
canonical fronto-parietal contrasts typically required
for workload and engagement indices [58—61], thereby
reducing their neurometric sensitivity. Additionally, sam-
pling resolution and front-end noise characteristics differ
considerably across systems—research-grade amplifiers
usually offer a higher dynamic range and better com-
mon-mode rejection [62]—which affects both the stabil-
ity and fidelity of spectral features. Mechanical aspects
are equally critical: lightweight headsets with flexible
frames improve comfort but are mechanically less sta-
ble, producing micro-slippage and electrode impedance
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fluctuations during movement [13, 16]. Finally, data
transmission protocols can influence reliability: Blue-
tooth Low-Energy (BLE) headsets are more vulnerable to
packet loss and jitter, particularly under electromagnetic
interference, which may explain the slightly reduced tem-
poral coherence observed for consumer systems [21].

Altogether, these hardware- and design-related factors
explain why performance gaps become especially evident
in dynamic, movement-rich tasks, such as multitasking
or driving, where signal stability and temporal integrity
are crucial.

4.6 Subjective measures and neurophysiological
concordance

The integration of subjective measures with physiological
data provides an important cross-validation of neuroer-
gonomic indices. Participants reported their perceived
mental effort after each task, and these ratings were com-
pared with EEG-derived workload indices. For Mind-
tooth Touch, workload neurometrics closely correlate
with subjective reports, particularly during high-demand
phases such as multitasking and driving under pressure.
This alignment supports the validity of the device’s neu-
rometric output and its potential for user-centred adap-
tive systems.

In contrast, the workload indices computed by using
the Emotiv EPOC X and Muse S showed weaker align-
ment with participants’ self-reported effort levels. While
some degree of correlation was observed for the Emotiv
system, particularly under high-demand conditions, this
association was less consistent and notably lower than
that observed with the Mindtooth Touch. The Muse
S device exhibited even lower correspondence, with
workload estimates often failing to reflect the expected
increases during cognitively demanding tasks such as
multitasking. These discrepancies may be attributed to
limitations in signal stability.

From a usability standpoint, Muse S was perceived as
more comfortable than Emotiv EPOC X, likely due to its
lightweight structure and soft-band design. However, this
comfort advantage did not appear to be accompanied by
improvements in signal quality or cognitive state track-
ing. These observations highlight the ongoing challenge
of balancing comfort and data quality in wearable EEG
design, particularly for prolonged use in applied settings.

4.7 Limitations

Although the results obtained offered interesting indica-
tions on the reliability and applicability of wearable EEG
devices in real-world settings, it is necessary to con-
sider some methodological limitations that may have
influenced the interpretation and generalizability of
the data. First, the size of the experimental sample was
limited, mainly due to the voluntary and unpaid nature
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of participation. A second limitation was related to the
need to adopt methodological compromises in the cal-
culation of EEG metrics, due to the absence of complete
and shared electrode coverage among all devices. Since
each system used had a different electrode configura-
tion, the analysis was limited to the exclusive use of com-
mon channels between the pairs of devices (AF3 and
AF4 between Mindtooth Touch and Emotiv EPOC X,
AF7 and AF8 between Mindtooth Touch and Muse S).
This inevitably reduced the richness and variety of the
analysable signals, partly limiting the representativeness
of the neurometrics considered and forcing conservative
choices in terms of comparison between the systems. An
additional limitation of this study concerns the temporal
invariance of the recordings. Due to the physical design
and wearing constraints of the selected devices, it was
not feasible to collect EEG data from all three systems
simultaneously. As a result, recordings were performed
in separate sessions, potentially introducing variability
related to time-dependent factors such as fatigue, learn-
ing effects, or fluctuations in cognitive state. However,
these potential sequence-related effects were statistically
controlled. As reported in the Performed analyses sec-
tion, the order of device use was randomized, and addi-
tional mixed-model analyses confirmed the absence of
significant order or learning effects. This supports the
robustness of the between-device comparisons despite
the sequential testing design. Concerning the sample
size, a post-hoc sensitivity analysis (G*Power 3.1) indi-
cated that with N =24 and a =0.05, the study could detect
medium effects (Kendall's W ~ 0.20, r ~ 0.45) with 80%
power. While the sample size is typical for EEG valida-
tion studies, results should be generalized cautiously to
broader populations and task types. Finally, it is worth
noting that only two consumer-grade devices were con-
sidered in this study—albeit among the most widely
used—while several other commercial EEG systems are
available on the market. Further comparisons including
a broader range of devices would be needed to generalize
the present findings more comprehensively. While EPOC
X and Muse S capture dominant consumer segments and
are highly representative in the literature [14, 55], we
acknowledge that other consumer systems exist; future
work should broaden coverage to confirm whether the
category-level patterns reported here generalize across
additional headsets.

5 Conclusion

This study systematically compared a higher-cost,
research-grade EEG system (Mindtooth Touch) with
two widely used consumer-grade alternatives (Emo-
tiv EPOC X and Muse S), aiming to assess their suit-
ability for passive BCI applications in ecologically valid,
real-world scenarios. The evaluation focused on signal
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quality, neurometric reliability, responsiveness to cog-
nitive demands, and alignment with subjective mea-
sures. Across these dimensions, the Mindtooth Touch
consistently demonstrated more stable and reliable per-
formance, confirming a benchmark for research-grade
expectations.

In particular, the Mindtooth Touch was able to provide
EEG recordings with lower artefact incidence, neuro-
metrics that aligned more closely with subjective effort
reports, and greater sensitivity in detecting cognitive
state variations. While both consumer-grade devices
demonstrated some capability, signal quality and mea-
surement reliability were generally more variable. Post-
processing techniques such as temporal smoothing
helped to mitigate some issues but may reduce temporal
resolution—an important factor for real-time applica-
tions. Furthermore, neurophysiological alignment with
self-reported perceptions was less pronounced in the
consumer-grade systems, particularly in the Muse S, sug-
gesting that additional refinement may be needed for
reliable state tracking.

Importantly, these findings do not imply that con-
sumer-grade devices lack value. On the contrary, their
accessibility, affordability, and ease of use make them
attractive for exploratory studies, educational contexts,
or low-stakes applications. However, it is crucial to be
aware of their current limitations in signal fidelity and
real-time responsiveness when considering their deploy-
ment in adaptive or operational BCI scenarios.

Future work should aim to reduce the trade-offs
between usability and signal quality. This could involve
developing next-generation wearable EEG devices that
integrate user-friendly designs with improved sensor per-
formance, enhanced artefact rejection techniques, and
optimized electrode placements. At the same time, the
adoption of standardized benchmarking protocols and
validation frameworks will be essential to support rigor-
ous comparisons and broader technology transfer.

Overall, while high-fidelity EEG systems continue
to represent the most reliable option for demanding
applications, the evolving landscape of wearable neuro-
technology holds promising potential. With continued
development, consumer-grade solutions may increas-
ingly contribute to the expansion of passive BCIs beyond
controlled laboratory environments.
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