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Abstract - This project aims to develop a
Brain-Computer Interface (BCI) system integrated
with haptic feedback to enhance sustained and
selective attention in students with ADHD. The
system will use EEG signals and provide real-time
feedback through vibrations to help users maintain
focus during learning activities, potentially
improving their academic performance. Students
with ADHD often face challenges with sustained
and selective attention, negatively impacting their
academic performance. Current diagnostic tools
like the Continuous Performance Test (CPT-II)
help assess attention levels, but there is a lack of
immediate feedback systems to assist users in
maintaining focus during tasks. This project
develops a Brain-Computer Interface (BCI) system
using 4-channel Enophone EEG headphones to
monitor brain activity and an Arduino-based
haptic feedback module to deliver real-time
vibrations when attention lapses are detected. Data
will be collected through the CPT-II test and
analyzed using machine learning algorithms such
as the novel SINDy, designed to optimize focus at a
closed-loop feedback based on EEG signals. The
project leverages existing EEG and haptic
feedback technologies, making it feasible within
the planned timeline. Due to time and participant
constraints, ADHD patients will not be involved in
this phase, but the system will be tested with
neurotypical subjects taking a lecture to validate
its functionality. A functional BCI system with
real-time haptic feedback for attention monitoring,
along with a new EEG-based equation for
attention measurement derived from spectral band
analysis. This will be compared to the standard
engagement index, and validation results will
demonstrate its effectiveness in enhancing
attention. The system has the potential to
significantly enhance the learning experiences of
students with ADHD, contributing to UN
Sustainable Development Goals 3 (Health) and 4
(Education). The project could contribute to the
development of cognitive training tools and
assistive technologies aimed at improving attention
for individuals with attention disorders.

Index Terms — EEG, brain-computer interface, attention,
ADHD, education, biometrics, closed-loop algorithm,
machine learning.

I. INTRODUCTION

A. General Context
In a world filled with constant stimuli, attention is

becoming an increasingly valuable resource for
everyone, a resource that when not properly focused,
can significantly reduce people's quality of life.
Attention-related disorders are more common in
children, with their prevalence decreasing among
adolescents and adults. Among these, Attention
Deficit Hyperactivity Disorder (ADHD) is the most
common. ADHD is also associated with lower
academic performance due to reading difficulties,
resulting in lower grades and fewer opportunities for
advanced education. In the workplace, ADHD patients
often experience frequent job changes and reduced job
stability. While various pharmacological treatments
exist for this disorder, this project does not address the
vast array of available treatments. Instead, it focuses
on how ADHD can be diagnosed in conjunction with
other methods currently in use [1].

There are two distinct types of attention:
sustained attention and selective attention. As the
names suggest, sustained attention is associated with a
state of alertness or focus maintained over a period of
time, while selective attention refers to the ability to
respond to a relevant or discriminative stimulus. It is
important to distinguish between these two types of
attention before introducing the Conners Continuous
Performance Test (CPT-II), which serves as the
inspiration for the attention tests conducted in this
project. The CPT-II presents users with a series of
letters on a screen, requiring them to press the
spacebar as quickly as possible—except when the
letter X appears, which is presented randomly. The
CPT-II allows for the evaluation of both types of
attention and inhibitory function, as it activates these
mechanisms when a stimulus to which no response
should be given is presented. It is worth noting that
this test can be administered alongside

1



pharmacological treatment, showing higher
performance when the treatment is effective.
However, it should not be used in isolation to
diagnose the disorder [1][2].

While the CPT-II serves as a useful indicator, the
use of a Brain-Computer Interface (BCI) enables users
to receive immediate feedback regarding their
performance on the task at hand. By providing
real-time feedback, this interface has the potential to
improve task performance. During this project, the
aim is to demonstrate higher performance in users
employing a BCI while completing the CPT-II. Since
this is a standardized test, it allows for easy
comparison with results reported in the literature. This
will help determine whether receiving instant
feedback during a test is genuinely beneficial for
users. [3]

B. Delimitation of the study
Given the limitations of time and difficulty in

recruiting test subjects diagnosed with ADHD, no
patients with the condition will be measured. As a
result, we cannot precisely determine whether the
feedback provided to the target user is appropriate, if
it causes any discomfort, or if it fails to achieve the
desired effect with ADHD patients.

Additionally, due to the spectrum of the disorder,
the system would need to be tested on different
individuals, such as those with hyperactivity, for
whom the feedback stimulus might have a meaningful
impact on the study's findings.

Similarly, it would be valuable to explore
multiple types of feedback, such as visual or auditory,
given that individuals respond differently to each
stimulus. Comparing various feedback modalities
would provide greater certainty about which is most
effective in helping maintain attention during specific
tasks.

Lastly, it is worth mentioning that, due to time
and feasibility constraints, the EEG signal acquisition
system will not be developed from scratch; instead, a
commercial system will be utilized. This is worth
emphasizing, as future projects under ISO 13485
standards will strive to uphold the highest standards of
quality, safety, and regulatory compliance throughout
every phase of medical device development, from
conceptualization to large-scale production [4].
Additionally, for research purposes, we are limited to
four available channels, with C3 and C4 being the
most relevant in the EEG system used in the
Neurofeedback device. However, successful
implementations of BCI systems for attention
measurement with a single channel have been reported
[42].

C. Problem Statement
The prevalence of ADHD varies by age and

other factors. Between 2020 and 2022, 8.6% of
children aged 5 to 11 years and 14.3% of adolescents
aged 12 to 17 years in the United States were

diagnosed with ADHD [6]. Additionally, the disparity
in prevalence between boys and girls highlights a
significant inequality, with 13% of boys diagnosed
compared to only 6% of girls [7].

Among college students, approximately
15.9% reported having ADHD in 2023 [8]. This
disorder does not disappear in adulthood, though its
symptoms may manifest differently [7]. It is important
to note that students with ADHD often have shorter
attention spans, with 40.7% maintaining focus for less
than 20 minutes during distance learning [9], [10].

In light of this reality, technology offers
innovative solutions to address these challenges. For
instance, 68% of teachers in the U.S. have expressed
the need for more technological educational resources
to support students with special learning needs [11].
This highlights an opportunity to develop specific
tools to assist students with ADHD.

D. Justification
In alignment with these identified needs, our

proposed system is conceived as a user-assistive
device designed to enhance focus during task
execution. The system is particularly suited to
supporting students with ADHD by improving their
concentration during educational sessions. It
integrates EEG technology with a real-time feedback
mechanism, which detects lapses in attention and
provides corrective feedback through vibrations—a
non-invasive and empirically validated method.

Advanced technologies such as brain-computer
interfaces (BCIs) that employ EEG signals to monitor
neural activity have demonstrated efficacy in
enhancing cognitive performance by delivering
real-time feedback. This capability forms the
cornerstone of our BCI system [12], [13], positioning
it as a promising innovation to optimize focus and
learning by offering precise, actionable insights into
the user’s attentional state [14].

Beyond accurate attention measurement, there is
a critical need for effective attention recovery
methodologies. Such strategies are instrumental in
enabling both male and female students to sustain
focus on a given activity and reorient their attention to
the original task when disrupted [15].

Empirical studies underscore the utility of haptic
feedback in improving attention and cognitive task
performance, supporting the integration of vibration
stimuli into our system as a corrective mechanism.
Furthermore, BCI-driven intervention strategies have
shown substantial potential in benefiting individuals
with ADHD, indicating that the proposed system may
hold transformative applications for this population in
future iterations [5].

Kosmyna and Maes have demonstrated that
immediate feedback provided to users during tasks
significantly enhances performance. Such feedback
activates the brain's response mechanisms, enabling
timely corrective actions that foster improved focus
during academic activities. [4]
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Although this project phase does not involve
direct testing with ADHD patients, the proposed
system offers significant potential for this
demographic. The inability to sustain selective and
prolonged attention remains one of the principal
challenges for individuals with ADHD. The
integration of BCIs with haptic feedback presents a
compelling, accessible, and effective approach to
support these individuals, offering a foundation for
future advancements in this area.

E. Background
1) Attention: Attention, as an essential cognitive

ability, allows us to filter out relevant stimuli while
ignoring distractions, being key in learning,
interaction and performance in various human
activities. Among its various forms, sustained
attention stands out for its importance in educational
contexts, where the ability to maintain focus for
prolonged periods is fundamental for the effective
processing of information and the retention of
knowledge [15].

There are two different types of attention,
sustained and selective. Like the name suggests,
sustained attention refers to the focus or concentration
state during a period of time. On the other hand,
selective attention refers to the capacity of answering
to spontaneous stimuli that appear at any time and
don´t have a defined time window. [2]

2) ADHD: ADHD is considered one of the most
common neurological conditions being more
prevalent in children than in adults. Additionally,
ADHD is much more prevalent in males than in
females, with ratios ranging from 3:1 to 16:1. This
disparity is largely attributed to the likelihood that
male patients present hyperactivity and behavioral
issues (ADHD-HI), increasing their chances of being
referred to a physician. In contrast, female patients are
less likely to exhibit hyperactivity, with their
symptoms more often manifesting as inattentiveness
(ADHD-I). Females also tend to develop adaptive
mechanisms to cope with their environment, reducing
the likelihood of receiving a medical diagnosis.
Moreover, adult patients with ADHD are more prone
to substance abuse, depression, and eating disorders.
[1]

In professional and educational settings,
individuals with ADHD, regardless of its subtype,
face challenges in organization, planning, and often
make impulsive decisions. This leads to instability in
both their professional and personal lives [1].

3) EEG & TMS: Dating back nearly 100 years,
Electroencephalography (EEG) is defined as the
non-invasive measurement of brain electric activity.
By placing electrodes on the scalp to record voltage
potentials, EGG has a diverse range of applications,

its principal use being clinical diagnosis on brain
disorders or diseases [43].

Transcranial Magnetic Stimulation (TMS) is a
noninvasive technique used in the treatment field,
mainly in psychiatric and neurological disorders. It
consists in the stimulation of different brain areas,
which helps with the modulation of the cortical
excitability. The patient is seated with a coil
positioned around the scalp which generates changing
magnetic fields and cause a depolarization on the
target region of the brain [41]. Gómez, L. and Vidal,
B. showed in their study great results in children with
ADHD when treated with TMS sessions during 5
consecutive days showing an increase in attentiveness
during their school activities, and a decrease in
general hyperactivity[42].

4) Neurofeedback: Developed in the 1960s by
psychologists, they have proven their usefulness and
therapeutic efficacy. Neurofeedback refers to the
specific feedback focused on the activity from the
nervous system by measuring electrical signals
(EEG), and through that allowing the control and
regulation of different processes. Technics relating to
neurofeedback are used to treat diverse diseases such
as ADHD, anxiety, compulsive behavior, addictions,
epilepsy and more. [15]

F. Objectives
1) Main objective: Creation of a BCI system

which optimizes sustained attention, focused on
patients with ADHD while they perform e-learning
activities, by using real-time measuring of EEG data
and a personalized feedback aiming to improve their
performance.

2) Secondary objectives:
- The construction of the BCI system

integrating the Enophones to measure the
EEG data, and a biofeedback loop which
sends vibrations to the user.

- The design of the algorithm which interprets
the EEG data to analyze and quantify the
levels of attention during the e-learning
activities, allowing an accurate follow up and
evaluation of the cognitive performance.

- Validation of the BCI system by performing
controlled tests with students, measuring
their performance when doing e-learning
activities.

G. Hypothesis
The students at the model (n=10) and index

(n=10) groups, employing the neurofeedback tool,
will have an increase in the EEG engagement index,
in addition to an increase in performance at the
after-test questionnaire and perceived engagement,
with respect to the students at the control group
(n=10).

However, it is expected that the students using
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the neurofeedback tool have more EEG fatigue index
due to receiving haptic feedback during the lecture.

II. PROPOSAL

A. Methodology

1) Data collection: For the initial data collection,
20 subjects were recruited, all from Tecnológico de
Monterrey, ranging from 18 to 23 years old, they
received questionnaires regarding their demographic
data and an informed consent of the ongoing project.
The test used the Enophones system to record the
data, while the CPT-II test, programmed in PsychoPy,
was used. Each specific system will be thoroughly
examined in the next sections. The test had a total
duration of approximately 9 minutes, starting with 1
and a half minute of eyes open (EO) and followed by
1 minute of eyes closed (EC), then the user heard a
sound to let them know the test had started.

When starting the test, the user was given a series
of letters lasting a total of 0.2 seconds on screen, with
1.8 seconds of spacing before another character
appeared on screen. The objective was for the user to
press the X key as fast as they could each time they
were presented with an X, the other stimuli had to be
ignored by the user. A total of 200 different stimuli
during the 7 minutes of testing were presented,
distributing the X equally amongst the stimuli, having
around 25% of target stimuli and 75% of no target
stimuli.

2) Attention model: Attention was calculated via
the participant’s Reaction Time (RT) at each X stimuli
during the CPT-II test. In which the minimum reaction
time was 0.2 seconds and the maximum reaction time
was 0.8 seconds. This according to Fig. 1, in which
these cut-off thresholds were used in order to have a
gaussian-like distribution of RT responses.

Fig. 1: Graph representing the Gaussian distribution of

the different reaction times during the CPT-II test.

Therefore, min-max scaling was applied in order
to normalize the metric to be between 0 and 1, in
addition, due to attention score and RT holding an
inversely proportional trend, the normalized score was
a subtraction of 1. Finally, the score was multiplied by
100 in order to have a metric to be between 0 and 100,
in which higher the score means higher the attention
and lesser their RT, according to Equation 1.

𝐴𝑡𝑡(𝑅𝑇) = (1 −
𝑅𝑇−𝑅𝑇

𝑚𝑖𝑛

𝑅𝑇
𝑚𝑎𝑥

−𝑅𝑇
𝑚𝑖𝑛

) · 100 [1]

The aforementioned attention score was used as a
target feature, while EEG-derived features would be
used as source features used to predict the attention
score. Due to fitting a Machine Learning (ML) model,
normalization is crucial, as model generalizability
between subjects is desired. Hence, standard scaler
was used in order to normalize the EEG source
features based on a resting 30-second calibration
period of Eyes Open (EO), in which the mean and𝑥
standard deviation of each participant would beσ
taken at that stage, and used to obtain normalized X’
source features from the non-normalized X source
features, based on Equation 2.

𝑋' = 𝑋−𝑥
σ

[2]

3) Model performance: Model performance was
measured via two regression metrics: Coefficient of
determination and Mean Squared Error (MSE).

Coefficient of determination ( ) is a widely used𝑅2

regression performance metric to measure how well
the predictions of a model fit into the actual data [16].
The metric's domain is , where0 ≤ 𝑅2 ≤ 1 𝑅2 = 1
means perfect predictions, is the baseline𝑅2 = 0
model that predicts the mean , and means𝑦 𝑅2 < 0
poor predictions; calculated as shown in Equation 3.
Composed of both Sum of Squared estimate of Errors
(SSE) and Sum of Squared Total (SST), Equation 4
and Equation 5 respectively [17].

When the error between predictions and the
reference value is minimized , then ,𝑆𝑆𝐸 ≈ 0 𝑅2 = 1
which is concordant to the aforementioned, as the
minimal error between samples would mean the
predictive model is perfect, hence .𝑅2 = 1

𝑅2 = 1 − 𝑆𝑆𝐸/𝑆𝑆𝑇 [3]

SSE, known as deviations between predicted and
reference value, was calculated as shown in Equation
4. Where refers to the ith prediction and to the𝑦

𝑖
𝑦

𝑖
reference value, summed across testing samples.𝑛

𝑆𝑆𝑅 =
𝑖=1

𝑛

∑ (𝑦
𝑖

− 𝑦
𝑖
)

2 [4]
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SST, known as the total variation in the data, was
calculated as shown in Equation 5. Where refers to𝑦

𝑖

the ith sample and to the target feature's mean,𝑦
𝑖

summed across testing samples.𝑛

𝑆𝑆𝑇 =
𝑖=1

𝑛

∑ (𝑦
𝑖

− 𝑦)
2 [5]

MSE, which represents the average of squares of
the differences between predicted values and observed
values, calculated as shown in Equation 6, where the
difference between the reference value and the𝑦

𝑖

predicted value is summed over testing samples.𝑦
𝑖

𝑛
MSE follows the L2-norm of normalization or the
Euclidean norm, which measures the Euclidean
distance between two points in a given vector space;
this distance is significantly affected by outliers when
compared to the L1-norm, which takes the absolute
value of differences between two points [17].

𝑀𝑆𝐸 = 1
𝑛

𝑖=1

𝑛

∑ (𝑦
𝑖

− 𝑦
𝑖
)

2 [6]

4) Prototype built: The prototype used for the
vibration module, in charge of receiving and sending
data according to what is measured with the
Enophones, was constructed taking into account
various criteria; this is shown in Fig. 2. A compact
system was needed to fit on the arm of the test
subjects, in order to achieve this, the two main
components were an Arduino Bluetooth Xiao
nrf52840 and a mini disc vibration motor.

This arduino board had an inbuilt Bluetooth
antenna with capabilities of Bluetooth 5.0, all while
having dimensions of 21 x 17.8mm. This is why the
board is widely used in applications regarding
wearable devices. It has to also be taken into account
that this board doesn´t have a long range of bluetooth,
so the range in which it can be used is less than 2m.

The vibration motor module used when sending
the vibrations to the user is a generic vibration module
compatible with the Arduino ecosystem. This
respective module was chosen as its small enough for
the needed application (23x21x5mm), while also
having an appropriate level of vibration.

To power the previous two components a 3 AAA
battery holder was chosen. This is important, as the
used board can only receive voltages in the range of
3.3 to 5V, when using this holder, the voltage in the
system is of 4.5V, staying in the upper limit to avoid
any problems with the whole system.

Finally, a 3D-printed case was designed to hold
all the components, it had an assigned space for the
vibration module and holes on each side of the case to
allow the pass thru of a velcro band, which was used
to hold the complete system on the arm of the user.
The complete overview of the design will be
approached on Sect. II-E5 from this same main

section. The next figure shows an example of how the
system looked when attached to the arm of the user.

Fig. 2: Wireless system integrating the different
components which performs the Feedback activities of
the proposed system.

5) Prototype validation: The physical prototype
of the system was subjected to a validation process to
ensure that it complies with the established functional
and structural requirements. The validation included
technical integration tests between the Enophones, the
Arduino Xiao nRF52840 and the vibration motor,
ensuring that the haptic feedback was accurate and
timely. In addition ergonomic aspects were evaluated,
such as the adjustment of the device to the user's arm
using velcro bands and comfort during prolonged use.

The system was tested in simulated scenarios to
evaluate its performance under real operating
conditions. The battery life, the stability of the
Bluetooth connection and the response of the
vibration module to different levels of attention
detected were verified. It was detected that the system
must be connected at a distance of no more than 3
meters, otherwise the connectivity failed.

At the same time, it was integrated with the
compartment prototype, confirming that it adequately
protects the internal components while maintaining a
compact and lightweight design.

B. Methodological proposal to use: To validate the
functionality and effectiveness of haptic feedback, we
designed an experimental protocol focused on
simulating real-world usage scenarios. The validation
involved three experimental groups to compare the
impact of our system:

- Control group: participants wore the device,
but the neurofeedback system was disabled.
This group served as the basis for
comparison.

- MLR feedback group: participants wore the
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device with the neurofeedback system active
and used the MLR-derived attention index
for real-time feedback.

- Literature index feedback group
(Engagement Index): participants wore the
device with neurofeedback active, but
feedback was based on the standard
engagement index widely used in the
literature.

The experimental setup, implemented in
PsychoPy, consisted of a 90-second eyes open (EO)
calibration period followed by a simulated online
lecture using a video of approximately 12 minutes
about the specific topic of hurricanes (
https://www.youtube.com/watch?v=NDm8RSJkMG4
&t=5s) the topic was specifically chosen according to
[4] a actuality subject and its status as common
knowledge but this level of knowledge is not that very
deep, because of this surface knowledge level about
the topic the lecture was challenging for most
participants. Following the session, participants
completed a questionnaire assessing their knowledge
retention from the conference and a self-assessment
rating their perceived engagement during the activity,
where participants' reported levels of engagement
were rated on a scale of 1 to 5.

C. Techniques and technological tools used
1) Machine Learning:Multiple Linear Regression

(MLR) is a statistical technique that uses source
variables to predict a target variable, it models a linear
relationship using coefficients for each bandpowerβ

, which would be applied for each(δ,  θ,  α,  β,  γ)
sample [18]. A model using MLR was created as
shown in Equation 7.

𝐴𝑡𝑡(𝑃𝑆𝐷) = β
1
δ + β

2
θ + β

3
α + β

4
β + β

5
γ [7]

In the equation, is the predicted target𝐴𝑡𝑡
variable, which would be compared to each real
observation . Additionally, the coefficient𝐴𝑡𝑡 β

0

constant term was ignored in order to increase and𝑅2

have a more explainable model, in which where all
bandpowers are 0, the would also drop to 0.𝐴𝑡𝑡

2) Closed-loop algorithm: In order to provide a
constant haptic feedback to the user, a closed-loop
algorithm is proposed. This is described in great detail
in Fig. 3: It starts at the left-side with the desired
attention level > 33, and depending on the predicted
attention level by the ML model, it determines
whether apply haptic feedback or not, but always use
the standard processing pipeline on EEG electrodes in
order to keep predicting the current attention level;
hence, the algorithm’s closed-loop fashion design.

This in turn provides a real-time neurofeedback,
in which the predicted attention level by the ML
regression model is used as a basis in order to
determine whether the participant is having a low (A

< 33), medium (33 < A < 66), or high (A > 66)
attention level; this based on the proposed attention
score previously defined at Sect. II-A2. In the case
that the attention level is low, then a corresponding
haptic feedback is applied to the user, this is modeled
via an inverse linear relationship shown in Equation 8.

𝑉(𝑎) =− 15𝑎 + 1024 [8]

In which is the level of predicted attention, and𝑎
the vibration analog response given to the vibration𝑉

module. This was modeled based on the analog
vibration module responses, in which a minimum
vibration of 529 is barely felt, and 1024 is the
maximum vibration possible by the device. Hence,
Equation 8 serves as a digital to analog converter in
order to provide a more precise response depending
on how distracted the user is.

D. Infrastructure
For the development of the proposed system,

various tools and resources were used to ensure its
viability within a 10 week period. From the beginning,
it was necessary to have a technological infrastructure
that included two laptops, each one destined for
specific functions within the experiments.

In the initial phase, the first laptop was in
charge of presenting the Continuous Performance Test
(CPT-II) and storing the reaction times, while the
second processed in real time the data obtained from
the EEG headphones (Enophones). In the final phase,
the first device configured with PsychoPy broadcast
the video along with its calibration period, while in
the other laptop, the data from the Enophones was
received and the feedback was transmitted to the
vibration system, through an Arduino module
connected by Bluetooth.

From the initial phase, the equipment was
configured with the necessary libraries and software,
such as Python, BrainFlow, PySerial, Scikit-learn and
PsychoPy, ensuring fluid communication between the
system components and the analysis of data in real
time.

In later stages, SolidWorks design was
required to model the device’s casing, which was
manufactured with a 3D printer in order to optimize
the ergonomics of the system and guarantee its
functionality as a portable prototype.

E. Resources used
1) Enophones: Focus headphones designed by

ENO with noise-cancellation technology. They were
connected to a laptop with Windows via Bluetooth;
the Media Access Control (MAC) address of the
device was used to acquire, process and clean its
signal, based on Brainflow’s (2.1.1) Python (3.8.5)
library. Electroencephalographic (EEG) band powers
from 4-channel gold-plated dry electrodes were
extracted, following the 10-20 International System of
Electrode Placement: A1, A2, C3, C4 as in Fig. 4,
with a sampling frequency of 250 Hz.
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Fig. 4: 10-20 International System of Electrode
Placement, in this case A1, A2, C3, C4 electrodes are
used by the Enophones: 2 electrodes are in the
earlobes (A) and 2 on the top of the central head (C).

The collected EEG signals are related to
emotional states on different frequency band powers,
so a band-pass filter was first applied to remove noise,
then, the power of each signal was calculated using
the Fast Fourier Transform (FTT). Lastly, a spectral
analysis classified each signal using the following
band power ranges: Delta (1–4 Hz); Theta (4–7 Hz);
Alpha (8–12 Hz); Beta (13–29 Hz); and Gamma
(30–50 Hz), via their power spectral density (PSD).

The electrodes located at the earlobes (A1, A2)
are mostly used as reference electrodes [19], in which
the mean of both electrodes represents the average
reference voltage on which the other electrodes should
be subtracted to. Instead of having an average
reference at midline of the scalp (Cz), the Enophones
are already measuring reference value using both sides

of the head at the level of the ears [20]. Thus, as a
pre-processing step, the re-references values of the
electrodes located on the top of the central head (C3,
C4) are calculated based on Equation 9. In which C3’
and C4’ are the re-referenced values.

𝐶3' = 𝐶3 − (𝐴1 + 𝐴2)/2
𝐶4' = 𝐶4 − (𝐴1 + 𝐴2)/2

[9]

2) Arduino Bluetooth: The board proposed to take
the task of receiving/transmitting data wirelessly was
the Seeed Studio XIAO nRF52840.
Arduino/CircuitPython, a microcontroller with an
integrated Bluetooth antenna; this is shown in Fig. 5.
As discussed in the Prototype built section, this
specific board was selected for its compact size and
powerful hardware, which allowed us to complete the
seeked task successfully.

This board has a pinout system similar to other
Bluetooth boards, such as having 10 pins with
capacity of being either analog or digital pins, and 2
different voltage outputs with a ground output. It is
important to mention that the terminals to connect the
battery system to this board are on the back, since the
manufacturer had to do this in order to reduce the
dimensions. This specific board needed to use the
Bluefruit and Bleak libraries in order to be declared as
a Bluetooth device and to receive the data thru
Python. The pinout diagram of the board is shown in
Fig. 6 [27].

Fig. 5: Front pinout configuration of the Seeed Studio
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XIAO nRF52840.

Fig. 6: Back pinout configuration of the Seeed Studio
XIAO nRF52840.

3) Vibration module:
The mini vibration motor with disc, chosen for

the task is controlled via PWM from an Arduino or
another microcontroller, the 3-pin connector pinout is
as it follows:

- VCC: 3.7 V to 5.3 V
- GND: 0 V Ground
- IN: Input (High is ON, Low is OFF) (connect

to Arduino digital pin or another PWM
output pin from the microcontroller)

This small vibration motor was the ideal
transductor for the objective of the system, since it is
small enough while providing an adequate level of
vibration to the user; this is shown in Fig. 7. The
motor also allowed us to regulate the level of
vibration with an analog output, which then was
regulated in order to provide the user with different
levels of vibration depending on the concentration it
showed while performing the e-learning activity. The
next figure shows the used sensor.

Fig. 7: Mini vibration disc sensor used for the
vibration system.

4) Battery holder: To power the whole system a
battery holder with capacity to hold 3 AAA batteries
was chosen. Since the maximum voltage the Xiao
board can receive via the battery terminals (BAT-,
BAT+) is 5V, this battery holder allows us to supply
the whole system with 4.5V; it is shown in Fig. 8.
Even though the manufacturer suggests using a
rechargeable lithium battery in case of wanting the
direct voltage into the battery terminals, when
approaching this way a new module to recharge the

battery was needed, which meant a bigger case would
be needed to hold the complete system. This approach
was not taken into consideration because of dimension
conflicts. Using the battery holder also allowed us to
have an ON/OFF switch on the system, which was
really useful when performing the tests. The next
figure shows the battery holder used along with the
dimensions.

Fig. 8: Battery holder used in the system along with
the dimensions.

5) 3D-printed case for the vibration system: In
order to hold all the components of the system, a CAD
designed case was 3D printed; this is shown in Fig. 9.
The idea of this case was for it to be robust enough to
hold all the components in a sandwich-like
configuration, meaning the vibration motor was the
nearest component to the arm of the user, followed by
the battery holder and the Xiao board on the next
level. This configuration allowed us to reduce the
dimensions of the system in order to make it an
appropriate size for a prototype of a wearable device.
Most of the space was taken away by the battery
holder; this due to the nature of the AAA battery size.

The case also had a pass-thru configuration on
each side for holding a velcro band, which was what
allowed us to hold the system on the arm of the user.

Finally, a dedicated space to place the arduino
was designed on one side of the system. This was
important to monitor the state of the arduino-bluetooth
connection, as the board had an LED which flashed in
blue when waiting to receive the input, and stopped
flashing when performing the task received. However
due to space limitations, the top side of the arduino
holder space was trimmed down to hold the arduino,
as the designed space was too small in the end. The
next figure shows the CAD simulation of the
3D-printed case.

Fig. 9: CAD simulation for the 3D-printed case, where
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the pass-thru configuration and dedicated space for the
Arduino can be appreciated.

III. RESULTS

1) Attention model performance: At first, Sparse
identification of nonlinear dynamics (SINDy), a
data-driven algorithm that obtains the equation that
models a response from data [21], was going to be
used in order to obtain the attention model. However,
it provided non-sparse and complex models with low
; thus, MLR model was fitted in order to obtain a𝑅2

relationship between the frequency bands and the
attention score.

After fitting and simplifying the MLR model, the
algebraic expression in Equation 10 was obtained, in
which is a multiplication factor .σ σ = 80

𝑀𝑜𝑑𝑒𝑙(θ,  α,  β) = σ(− 3θ + α − β) [10]

On the other hand the engagement index, which is
widely used in the literature [22], was calculated as
shown in Equation 11.

𝐸𝑛𝑔.  𝐼𝑛𝑑𝑒𝑥(θ,  α,  β) = β/(θ + α) [11]

Based on the performance metrics described in
Sec. II-A3, the MLR model and the engagement index
were evaluated with respect to the true attention
scores. The results are shown in Table I.

TABLE I
Regression model’s performance on predicting attention

Model 𝑅2 MSE

MLR 0.7253 1283.21

Engagement Index 0.0930 18040.05

MLR then exhibits the most consistent results,
with the highest (0.7253) and the lowest MSE𝑅2

(1283.21). In addition to explaining 72.53% of the
attention score variance. In addition to the Table I
results, a residual plot was also created in Fig. 10, in
which the true responses are subtracted from the
predicted responses. Hence, the nearer the residuals
are to 0, the higher the accuracy of the model, due to it
having an error of 0.

Fig. 10: Residuals graph of created ML model in
Equation 10 and Engagement index in Equation 11.

At the residuals plot in Fig. 10, it is also observed
that the MLR model exhibits the most consistent
results. As all their residuals are between -100 and
100, in contrast to the Engagement Index, which
generated 3 outliers from 15 participants’ data:
Around 120, 300, and 400. Model’s consistency is key
due to it being developed in a real-time setting, in
which outliers could seriously affect the immersive
experience the participant is experiencing. Thus, the
MLR model was selected as the real-time model that
was implemented in the neurofeedback tool

2) Neurofeedbacktool in EEG-derived indices: At
the EEG literature, there are validated EEG-derived
indices or frequency band ratios, which combine
various frequency bands in order to determine an
explainable behavior, thus presenting a more
easy-to-understand performance metric related to the
participant’s cognitive state. The three used indices in
this study are:

- Excitement Index (β/α): Related to attention
and engagement, the higher this index, the
more alert and attentive the participant is,
which in turn be related to excitement or
increased amount of interest. A study [23]
measured the efficiency of advertisements
with individuals, in which ads that evoked
higher beta/alpha ratio were more effective.

- Mental Fatigue Index (α/θ): Related to
mental weariness, a high alpha wave in
relation to theta suggests relaxation or idling
state of the brain. This is important at tasks
that require sustained attention, which can
thus indicate cognitive fatigue [24].

- Engagement Index (β/(θ+α)): Related to a
balance of active cognitive processing in
contrast to a more passive state. This index is
particularly important in cognitive immersive
scenarios. High index indicates robust
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cognitive engagement or alertness at
continuous mental effort activities [25].

Given the aforementioned, EEG-derived indices,
a comparative barplot across groups was created and
shown in Figure 11. In said barplot, each group’s
indices were averaged across subjects; hence,
obtaining an average engagement, fatigue, and
excitement for the control group with no
neurofeedback, the experimental group with
engagement index as neurofeedback, and the
experimental group with MLR model as
neurofeedback.

Fig. 11: Barplot of EEG-derived indices across
groups, depending on whether neurofeedback was
received and which model was used to do so.

At Fig. 11, a clear behavioral trend is exhibited,
in which both neurofeedback groups had a
significantly higher engagement than the control
group with no neurofeedback (p < 0.001), in which
the neurofeedback group had nearly two times more
engagement than the control group. On the other hand,
the participants at the neurofeedback groups exhibited
a higher excitement index with respect to the control
group, with the MLR model group having a strong
statistical difference when compared to the control
group (p < 0.01); being two times more excited.
However, both neurofeedback groups also exhibited a
higher fatigue index, in which the MLR model group
had a small statistically significant difference when
compared to the control group (p < 0.05); thus
exhibiting twice as much fatigue than the control
group.

Overall, disregarding the strong statistically
significant difference between the control group and
the neurofeedback groups at the engagement index,
there seems to be a linear relationship across groups at
the fatigue and excitement index: In which the control
group exhibited the lowest index, followed by the
index neurofeedback group, and finally the MLR
model neurofeedback group with the highest index.
Thus, suggesting that the model is so accurate in

real-time that it is overwhelming the participants with
its haptic feedback, thus increasing their fatigue and
excitement levels to significant levels, in contrast to
the index neurofeedback group. This trend is exhibited
despite having similar results on their engagement
index, perhaps due to the index neurofeedback group
optimizing to that metric only.

In order to analyze the behavior of a participant
while taking the lecture, the line plot at Fig. 12 was
created, which shows the engagement index across
time for a random subject at each group.

Fig. 12: Line plot of engagement index across the
lecture from three random subjects that belong to each
different group: Control with no neurofeedback,
neurofeedback calculated based on the index, and
neurofeedback calculated based on the model.

At Fig. 12, each subject exhibits an unique
behavior, despite their similarities. The subject at the
control group had a constant, near average (0.5),
engagement index across the lecture, with a peak of
engagement around the middle of the lecture (min. 8);
while the subjects at the neurofeedback groups had
varying amounts of engagement index across the
lecture: The subject at the MLR model neurofeedback
group had a peak at around min. 8 but also at min. 11,
while the subject at the index neurofeedback group
had a strong peak at around min. 9, further sustained
through min. 11. This increases and sustained
engagement significantly above the average might be
due to the haptic feedback that is being applied by the
neurofeedback system, thus penalizing the user when
their engagement is low, with capabilities of not only
having an engagement index above the average, but
also at a constant rate; not going above the average at
any time during the lecture.

3) Neurofeedbacktool in perceived engagement:
As a part of our test for the lecture we included a
question in which we asked the participants their
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perceived engagement during the duration of the
lecture. The question had a score ranging from 1 to 5,
with 1 being the lowest where they did not feel
engaged during the lecture, and 5 being the highest
where they felt a high level of engagement.

Fig. 13: Participants’ average perceived engagement
level after undertaking the 12-minute video.

At Fig. 13, shown in the graph above, the
perceived index in each of our experimental groups,
the highest self perceived engagement was from the
control group, but the difference was not considerable
enough to have conclusive results in this regard.

4) Neurofeedbacktool in students’ performance:
The results of the student’s performance was
measured by the score of a test about the lecture taken,
each group was presented the same video and had the
same exam as the other groups in order to standardize
the difficulty of the exam to each group.

Fig. 14: Participants’ average 10-question
performance after undertaking the 12-minute video.

Fig. 14 shows us the average score on the test of
each of our groups, the highest average score was

achieved by the control group but the difference
between the index group and model was not that
meaningful in order to have a conclusive result on the
functionality.

IV. DISCUSSION

The proposed system significantly contributes to
improving sustained attention in clinical and
educational settings in patients with ADHD through
haptic feedback use. Likewise, our main approach
focuses on the proposal of our own algorithm, in order
to represent an advance and alternative to the
Engagement Index, normally used in the literature
since its introduction in 1995 [28].

Since the first proposed algorithm (SINDy)
delivered non-dispersed and complex models with a
low , we chose to use MLR, which achieved a𝑅2

coefficient of determination of = 0.7253 and 𝑅2

significantly lower mean square error of MSE =
1283.21 compared to the Engagement Index ( = 𝑅2

0.0930; MSE = 18040.05). Furthermore, residual
analysis showed consistently low error values close to
zero, highlighting the model’s reliability and
applicability in dynamic settings [11].

The literature indicates that theta activity
generally decreases during tasks requiring sustained
attention, while it tends to increase in passive tasks
and attention is multi-sensory divided, as low levels of
theta correlate with increased cognitive control and
reduced distractibility [29], [30]. This coincides with
the observed improvement in engagement during
neurofeedback testing. The MLR model took
advantage of this decrease to provide corrective
stimuli in real time.

On the other hand, the alpha band plays a crucial
role in filtering out irrelevant stimuli and maintaining
concentration. [30], [31], [32]. [33]. In tasks with
rhythmic and well-calibrated haptic feedback, a
moderate increase in alpha is expected, which
facilitates a state of sustained focus [29], [34]. Thus,
in our implication, we can observe that the
engagement peaks recorded at minutes 8 and 11 (Fig.
12) imply an increase in alpha, emphasizing that the
feedback is succeeding in maintaining states of
concentration at key moments of the task.

Beta activity correlates strongly with task
engagement, sustained attention, and cognitive
processing. Increases in Beta are desired during tasks
requiring vigilance and cognitive effort [4], [35], [36],
[37]. Haptic feedback can enhance Beta power,
reinforcing focus and task engagement. However,
prolonged elevation in Beta might lead to cognitive
fatigue, as noted in some studies [38] [39].

Regarding the results obtained in the
performance and perceived commitment graphs
require the need for a deeper analysis of the factors
that may influence the experiences and performance
of the participants.
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While overall performance did not show
significant negative interference with the use of the
system, indicating that the feedback system does not
hinder participants' ability to complete tasks. General
performance showed no significant differences
between the groups. The control group achieved a
slightly higher average (73.75) compared to the
index-based and model-based neurofeedback groups
(70 and 71, respectively).

Conversely, subjective engagement perception
presented an interesting paradox. Although objective
metrics derived from EEG indices showed higher
engagement in the neurofeedback groups, participants
in the control group reported a higher subjective
perception of engagement. This suggests that the
experience of engagement does not always align with
neurophysiological data, which may be influenced by
factors such as mental fatigue, boredom, or users’
cognitive expectations [37], [38], [39].

According to O’Hanlon, boredom arises when
there is a conflict between habituation to repetitive
stimuli and the sustained effort required to maintain
an adequate level of arousal to perform a task [40].
This phenomenon, along with mental fatigue, could
explain the observed results. Both states tend to
emerge during prolonged tasks, affecting the
subjective perception of performance and
engagement, even when objective data reflects high
levels of attention.

V. CONCLUSIONS

This project successfully combined EEG signals
with a multiple linear regression (MLR) model,
enabling real-time prediction and modulation of
attention states. By outperforming traditional metrics,
it paved the way for more personalized and adaptive
educational tools.

The findings demonstrated that haptic stimuli
can significantly influence attention states, though
they also highlighted challenges such as the precise
calibration required to avoid cognitive overload.
These results underscore the inherent complexity in
designing systems that balance technical effectiveness
with user experience, particularly during extended or
cognitively demanding tasks.

A key achievement was the system's ability to
translate brain activity into effective feedback,
validating the utility of specific EEG indices such as
Theta, Alpha, and Beta bands. This approach not only
advances the field of applied neurotechnology but also
lays the groundwork for exploring applications in
ADHD populations, a clinically and educationally
relevant group not directly addressed in this study.

Overall, this work not only delivers a functional
design that integrates advanced technology with
neurocognitive principles but also establishes a
framework for future research. Upcoming efforts
should prioritize adaptive personalization, validation
in clinical populations, and long-term impact

assessment in educational and clinical environments.
With these advancements, the system holds the
potential to become an innovative and accessible tool
to enhance educational quality and foster inclusion for
populations with specific needs.
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VII. Appendix

i) CPT-II data collection questionnaire

Registro Achtung!

1.Edad?

A) 18-20
B) 21-23
C) 23-25
D) +26

2.Sexo
● Respuesta Abierta

3.Carrera
● Respuesta Abierta

4.Carrera
● Respuesta Abierta.

5.Horas de sueño
● Respuesta Abierta

6.Del 1 al 10(el 1 siendo el más bajo y el 10 el más
alto) en que nivel de cansancio te encuentras?

● 1
● 2
● 3
● 4
● 5
● 6
● 7
● 8
● 9
● 10

7. ¿Tomas regularmente café o alguna bebida
energética?

● Respuesta Abierta

8.Padeces de algún padecimiento de
neurodiversidad?

● Respuesta Abierta

ii) Prototype validation lecture questionnaire

Examen Video Huracán Grupos

1.¿Qué es un huracán según el video?(Respuesta
Correcta B)

A) Un fenómeno atmosférico de alta presión.
B) Un ciclón tropical con vientos fuertes.
C) Una tormenta de nieve intensa.
D) Un terremoto submarino.

2. ¿Cuál es la principal característica de un
huracán?(Respuesta correcta B)

A) Un fenómeno atmosférico de alta presión.
B) Un ciclón tropical con vientos fuertes.
C) Una tormenta de nieve intensa.
D) Un terremoto submarino.

3. ¿Qué condiciones son necesarias para la
formación de un huracán?(Respuesta correcta C)

A) Un fenómeno atmosférico de alta presión.
B) Un ciclón tropical con vientos fuertes.
C) Una tormenta de nieve intensa.
D) Un terremoto submarino.

4. ¿Cuál es una característica del “ojo” del
huracán?(Respuesta correcta B)

A) Un fenómeno atmosférico de alta presión.
B) Un ciclón tropical con vientos fuertes.
C) Una tormenta de nieve intensa.
D) Un terremoto submarino.
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5 ¿Qué diferencia hay entre un huracán y un ciclón
tropical en términos de ubicación
geográfica?(Respuesta correcta A)

A) Un fenómeno atmosférico de alta presión.
B) Un ciclón tropical con vientos fuertes.
C) Una tormenta de nieve intensa.
D) Un terremoto submarino.

6. De las siguientes partes, ¿cuales forman parte de
un huracán?(Respuesta correcta D)

A) Un fenómeno atmosférico de alta presión.
B) Un ciclón tropical con vientos fuertes.
C) Una tormenta de nieve intensa.
D) Un terremoto submarino.

7. ¿De qué manera se calientan los
océanos?(Respuesta correcta B)

A) Un fenómeno atmosférico de alta presión.
B) Un ciclón tropical con vientos fuertes.
C) Una tormenta de nieve intensa.
D) Un terremoto submarino.

8. ¿Cuáles son efectos negativos de los
huracanes?(Respuesta correcta D)

A) Un fenómeno atmosférico de alta presión.
B) Un ciclón tropical con vientos fuertes.
C) Una tormenta de nieve intensa.
D) Un terremoto submarino.

9. ¿Qué fenómeno atmosférico es esencial para la
formación de un huracán y por qué?(Respuesta
correcta B)

A) Un fenómeno atmosférico de alta presión.
B) Un ciclón tropical con vientos fuertes.
C) Una tormenta de nieve intensa.
D) Un terremoto submarino.

10. ¿ Cuales son efectos positivos de los
huracanes?(Respuesta correcta A y C)

A) Un fenómeno atmosférico de alta presión.
B) Un ciclón tropical con vientos fuertes.
C) Una tormenta de nieve intensa.
D) Un terremoto submarino.

11. Que tan distraído te sentiste durante la
realización de esta prueba?( 5 siendo muy distraído
y 1 siendo muy poco)

● 1
● 2
● 3
● 4
● 5
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