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Abstract: The level of student attention in class greatly affects their academic performance. Teachers
typically rely on visual inspection to react to students’ attention in time, but this subjective method
leads to inconsistencies across classes. Online education exacerbates the issue as students can turn off
cameras and microphones to keep their own privacy. To address this, we present a novel, low-cost
EEG-based platform for assessing students’ attention and estimating their academic performance. In a
study involving 34 secondary school students (aged 14 to 16), participants watched an academic video
and answered evaluation questions while their EEG activity was recorded using a commercial headset.
The results demonstrate a significant correlation (0.53, p-value = 0.003) between the power spectral
density (PSD) of the EEG beta band (12–30 Hz) and students’ academic performance. Additionally,
there was a notable difference in PSD-beta between high and low academic performers. These
findings encourage the use of PSD-beta for the immediate and objective assessment of both the
student attention and the subsequent academic performance. The platform offers valuable and
objective feedback to teachers, enhancing the effectiveness of both face-to-face and online teaching
and learning environments.

Keywords: EEG; brain–computer interface (BCI); attention; academic performance; education

1. Introduction
1.1. Context and Current Approaches

The attention of students during the learning–teaching process is a key factor in their
academic performance. A low degree of attention usually serves as feedback or a warning
sign for the instructor. This way, the teacher can switch to the most adequate teaching
strategy to regain the student’s involvement in the class. Currently, the way attention is
assessed in class is merely based on a visual, subjective impression. The teacher collects
visual hints, such as facial expressions, gaze, or body posture. Furthermore, the growing
use of online education (e-learning), lately boosted by the COVID-19 pandemic, increases
the difficulty to obtain information from students about their attention level. Some recent
studies show the negative consequences of e-learning during the COVID period, such
as the lack of real feedback affecting the performance of the students [1] and teachers as
well [2]. A very popular research topic on which many researchers have focused is the
study of the relationship between performance and the level of attention of the students [3].
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There are several studies on the attention span of students in class through visual
observation or tests, by asking participants about their level of attention during a specific
task [4,5]. Yet, this kind of subjective measure has several disadvantages [6]:

• They include systematic biases related to order, scale and halo effects, psychological
factors, and others;

• These measurements are uncorrelated (and even negatively correlated) with indepen-
dent, objective measures related to the variable of interest;

• These are difficult to aggregate and interpret because they are often represented in
ordinal scales.

Moreover, some studies have related the academic achievement of students to emo-
tions [7], through processing the face of the student with image recognition techniques.
However, this method is a potential source of problems in the secondary school environ-
ment, as it might be against data protection laws for minors. Other studies [8] determine
the state of awareness and reflections through biomarkers, such as EEG, showing that these
tools can improve the teaching–learning process. EEG is a widely used tool in the clinical
diagnosis of different mental diseases, like Alzheimer’s [9], attention deficit hyperactivity
disorder [10], or schizophrenia [11], among other pathologies and syndromes. Furthermore,
EEG has been used for the study of mental states, such as stress level [12], attention or con-
centration [13], and relaxation or meditation [14]. The miniaturization of electronics and the
decrease in the price of the devices in the last decades have enabled the development and
evolution of low-cost portable EEG (PEEG) devices, allowing their use not only in clinical
diagnosis areas but as a tool for research, education, entertainment, or engineering. PEEGs
are widely used for brain–computer interface (BCI) systems [15], allowing the human being
to use mental states to control devices, like robots [16] or machines [17], as well as measure
attention [18] or play videogames [19,20], thanks to brainwaves recorded with the EEG. The
PEEG device used in this study is the Neurosky Mindwave (NeuroSky Inc., San Jose, CA,
USA), which has been validated for scientific use in assessing variations in the cognitive
state [21]. Some examples of research conducted with this device are: lie detection [22],
the study of mental fatigue during car driving [23], or the analysis of emotions during
movie viewing [24]. The Neurosky Mindwave is the cheapest PEEG device. It has a single
non-invasive dry electrode and can provide objective and quantitative information to assess
the level of the student’s attention in class.

Wang et al. [25] present a comprehensive and in-depth review of the state of the art
regarding portable EEG devices (such as Neurosky or Emotive) in education, specifically
for assessing attention. They analyzed 45 studies conducted between 2011 and 2023 that
used a portable EEG for assessing attention. Four out of the total forty-five studies involved
participants from secondary, middle, or high schools. Among these four studies, three of
them were conducted in an online context and one of them was conducted in a naturalistic
classroom (face-to-face). However, the target EEG wave was alpha. One out of the total
forty-five studies used a regular classroom curriculum activity. However, the participants
were university students. Fourteen out of the total forty-five studies were conducted in
regular or naturalistic classrooms. Thirteen of these studies involved non-secondary school
students, while one study focused on secondary school students. Once again, the target
EEG wave in that study was alpha.

In conclusion, none of the experiments conducted up to this point have met the
following conditions: secondary school students (14–16 years old), curricular content,
class-based and assessable activities, a real classroom setting, simultaneous recording of
multiple students, measurement of beta waves, and real-time information about attention
levels. Only one study, conducted by Dikker et al. [26], is most similar to the present
work. However, Dikker focused on analyzing students’ attention with a focus on the alpha
wave. Dikker’s work aimed to analyze how attention decreases as the power of the alpha
wave increases. In our research, we correlate attention with an increase in the power of
beta waves.
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Other studies have employed simultaneous multi-subject EEG recording techniques [27]
using devices like the Neurosky headset, integrating data from all participants [28]. How-
ever, the EEG values from the participants in these studies were recorded using the man-
ufacturer’s proprietary software, which is not publicly available or well-known, making
validation impossible.

Given this, technologies such as the PEEG have the potential to help teachers to obtain
a quantitative level of attention, or mental cognitive feedback from their students in real-
time. Teachers can use this information accordingly. Moreover, the increasing availability of
low-cost PEEG devices that are easy to deploy in a realistic classroom or e-learning setting
(each student can have a PEEG device at home) makes this tool affordable for all kinds of
education centers, even those with fewer resources.

1.2. Objectives and Expected Outcomes

The two main objectives of this work are:

(1) To develop a low-cost EEG multi-subject recording platform for the real-time assess-
ment of students’ attention;

(2) To conduct an experiment with secondary students in a real classroom, with curricular
content, as an assessable activity and record multiple subjects simultaneously, in order
to validate the EEG platform as a reliable and useful tool to measure the attention and
helping teachers anticipate the academic performance of their students.

The innovation of our work lies in the fact that the EEG platform was implemented
for educational purposes with a low-cost non-invasive EEG device and a standard PC as
the processing server. These features make this platform affordable for any educational
center. As far as we know, we do not know a specific platform (hardware–software)
that can be deployed in a classroom to monitor attention and can estimate the academic
performance of the students on the basis of their EEG. In addition, according to our current
knowledge, this is the first experiment conducted under the conditions described above.
Once this technology is integrated into the classroom, a new horizon of possibilities and
uses emerges, such as the study of different aspects of the teaching–learning process, such
as the influence of physical activity on the attention of the student or how the class schedule
affects student performance.

In this work, we intend to address the limitations of previous research, focusing on
the following aspects:

• Developing a pioneer and specialized platform for this study, avoiding the use of the
manufacturer’s processing application;

• Conducting experiments in a realistic environment;
• Carrying out the experimentation using assessable curriculum content;
• Conducting the experimentation with students in compulsory secondary education;
• Simultaneous recording of multiple subjects.

2. Materials and Methods

As mentioned in the Introduction, the main objectives of this work are to develop a
low-cost EEG multi-subject recording platform for the real-time assessment of students’
attention and to conduct an experiment with secondary students in a real classroom. The
purpose of the experiment was to check whether the EEG platform (developed specifically
as an educational tool for teachers) can really be a useful tool for teachers to estimate the
level of attention of the students. We expect our platform to show that brain activity and
level of attention are correlates of students’ academic performance.

The EEG platform monitors in real time the students’ EEG using a low-cost single-
channel portable and non-invasive EEG device with a dry electrode, the Neurosky Mind-
wave (NeuroSky Inc., San Jose, CA, USA), which has a record of success in previous
studies [28–30]. The platform records the EEG of the students, sends the data wirelessly to
a server, and shows the information to the teacher in real-time through a web interface. In
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this way, the teacher can know quantitatively the spectral power of the beta brainwave of
each student. The signal obtained from the Neurosky Mindwave headset (NeuroSky Inc.,
San Jose, CA, USA) was recorded as raw EEG. The fast Fourier transform (FFT) was applied
to the raw signal to compute the power spectral density (PSD) of each brainwave [31].
Specifically, we extract the PSD of beta brainwave (12–30 Hz), which is related to the state
of concentration, attention, or alertness [32,33].

2.1. Participants

Thirty-four secondary school students participated in the study (16 females and
18 males). The inclusion criteria were: student of 3rd or 4th grade, between the ages of
14 and 16, who applied for the experiment. They all presented normal or corrected sight
and reported no issues during the study. Non-regular students (students with learning
difficulties) who volunteered for the experiment were excluded. They went through the
experiment in a real classroom, sitting in a standard chair in front of a computer. The exper-
iment took 4 weeks, as it extended during their regular information and communication
technologies (ICT) class schedule.

2.2. Recordings

The thirty-four EEG devices used in the experiment were Neurosky Mindwave head-
sets (NeuroSky Inc., San Jose, CA, USA) (Figure 1a), which has a single Fp1 dry electrode.
The Fp1 position corresponds to the prefrontal cortex (Figure 1b), associated with the
attention, alertness, or concentration [34,35]. The processing chip inside the Neurosky is
the TGAM1 (NeuroSky Inc., San Jose, CA, USA). This module measures voltage difference
between the Fp1 electrode and the metal ear clip, which acts as a ground. The raw values
need to be converted to µV values. The Neurosky Support Site [36] details conversion
procedure, as follows:

volts = (rawValue × (1.8/4096)/2000), (1)
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Figure 1. (a) Mindwave Mobile 2 (NeuroSky Inc., San Jose, CA, USA) and its different parts
(source: Neurosky.com). (b) International 10–20 system for EEG recording. Inside a red circle
is the FP1 position, corresponding to the pre-frontal cortex (source: bayes.acs.unt.edu).

This is due to a 2000 gain, 4096 value range, and 1.8 V of input voltage. The sample
frequency is 512 Hz. The amplitude of waves of beta band is mostly below 30 µV [37]. The
literature reports values between 50 µv and 100 µV [38] to establish a threshold for artifact
rejection, such as eye blinking. In this study, we established the threshold at 75 µV.

Neurosky.com
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2.3. Experimental Design
2.3.1. Platform Architecture

The architecture of the platform is based on a client–server model. There are two
servers: the Bluetooth server and the main server. The architecture can be deployed in
two computers (one for each server) or just in one, as shown in Figure 2. Each Neurosky
headset (NeuroSky Inc., San Jose, CA, USA) (client) is connected to the Bluetooth server.
This server handles 4 clients, receiving the data and packaging it in IP packets that are sent
to the main server. The main server has two modules: the signal processor and the HTML
web interface. The signal processor module receives the packets from the Bluetooth server
(raw data) and computes the PSD of the different brainwaves, in epochs of two seconds of
length. After that, this information is sent to the HTML web interface to be plotted. The
web interface is available in real time and shows the raw EEG signal (Figure 3) and the PSD
of beta (Figure 4) along the time.

The software of the platform has three main components:

• Bluetooth server;
• Main server: signal processor;
• Main server: HTML web interface.

The Bluetooth server was programmed in Python language (3.10.11), using NumPy
(1.24.3) and matplotlib.pyplot (3.7.3) libraries.

The main server has two modules. The signal processor was programmed in Python
language. It uses the SciPy (1.11.1), NumPy (1.24.3), and Pingouin (0.5.3) libraries. The
communication between the signal processor and the HTML web interface was made
through standard text files.

The HTML web interface was programmed in JavaScript and HTML. It uses the
Chart.js (2.9.3) library to plot the data and WampServer (3.0.6) to run the webpage. The
HTML web interface can be opened in any browser.

The software used to screen the video on the teacher’s whiteboard and synchronize
the student computers with the surveys was Edpuzzle (EDpuzzle Inc. San Francisco, CA,
USA). This software allows us to insert quizzes into a chosen point of a video file.
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Figure 4. Temporal evolution of beta band PSD. In this illustrative example corresponding to one of
the participants, each point represents the PSD of beta in this instant, computed from a two-second
epoch. The information is shown in real-time. The green rectangles represent the time blocks when
the student is visualizing the video projected over the teacher’s whiteboard (see Figure 5, green
boxes). A decrease in beta PSD can be observed during the time that students are not visualizing
the video.
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2.3.2. Experimental Procedure

The platform was tested by conducting an experiment in a realistic environment with
three or four participants simultaneously. The experiment consisted of the visualization of
a video with curricular content about general science of third grade, so that all students
faced the task under the same conditions. In the video, there was a host that explained
different Science concepts and performed some experiments. The video was projected over
the main teacher’s whiteboard. The students watched the video from their seats. During
the task, the students were requested to answer questions about the content. They were
told that their answers would be graded, and the final score would be part of their final
assessment, thus, motivating them to achieve a greater commitment.

Participants were located in front of a workstation of the information and communica-
tion technology lab (ICT-Lab) (Figure 6) and waited for the initial briefing during the first
10 min (Figure 5, grey box). During the briefing, they were informed about the experiment
and the EEG headset was adjusted. The experiment did not begin until all the participants
were ready.

The experiment had a duration of 28 min. The video lasted 16 min, and it was divided
into 4 segments of 4 min each (Figure 5, green boxes). When a four-minute video segment
ended, the student’s computer screen displayed a digital survey (Figure 5, yellow boxes).
Then, they were asked to answer 6 questions (Table 1) about their emotional and mental
state. All questions were related to the past four-minute video segment. Although there
are many types of tests for attention level assessment, there is no universally employed test
or unified method. Some studies use the NASA-TLX test [39] to measure and conducting
a subjective mental workload assessment. Other studies use a simple Likert-type scale
survey [40], which is a type of psychometric response scale in which responders specify
their level of agreement to a statement typically in five points. We chose to use a kind of
five-level Likert-type scale with simple questions because we concluded these questions
were the most suitable for the students to comprehend.

Table 1. Mental state questions made to students when finishing each four-minute video segment.

Number Question

1 What was your level of attention?
2 What was your level of stress?
3 What was your level of relaxation?
4 What was your level of interest?
5 What was your level of mental fatigue?
6 What was your level of mental effort?
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Figure 5. Experimental procedure. In grey, at the beginning, the briefing. The green boxes represent
the visualization of the different video segments. Right after, in yellow boxes, the mental state surveys,
and after them, in blue, the evaluation questions about the video content. During this time the EEG is
recorded (yellow arrow above). At the end of the experiment, the students remove the headset and
switch off the computers (orange box).
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Figure 6. Students sitting in front of a computer watching the video on the teacher’s whiteboard,
while EEG is being recorded through Neurosky headsets (NeuroSky Inc., San Jose, CA, USA).

Once the students completed the mental state questions, they had to answer 4 more
questions about the contents of the video segment that was just watched (Figure 5, blue
boxes). These were multiple-choice questions with penalization for wrong answers, to
avoid the randomness in the answers. In total, they had 3 min to answer all questions
(6 of mental state and 4 of evaluation). The video was synchronized with the surveys.
Right when a four-minute video segment was finished, the surveys appeared on the screen
of the students’ computers, automatically followed by the evaluation questions. Once
the evaluation of those questions concerning the last four-minute video segment ended,
the next four-minute video segment started. The process was repeated for the remaining
3 segments. Although there were 28 min of EEG recorded, only the 16 min concerning
the video segments were considered for the experiment (Figure 5, green boxes). When
the experiment had concluded, the students took off their EEG headset, switched off the
computer, and went back to their class (Figure 5, orange box).

In addition to the literature supporting the relation between beta and attention, the
real-time EEG platform also shows changes in the attention during the experiment. For
example, it can be observed how the PSD of beta increases during the temporary blocks in
which the students are viewing the video, and decreases when they begin to answer the
questions (Figure 4).

2.4. Signal Processing and Statistical Analysis

The aim of signal processing is to obtain the PSD of the beta band (12–30 Hz) for each
two-second epoch, as previously performed in other studies [41]. In addition, the mean
value of the answers for each mental state question (Table 1) was calculated. These 6 final
values were represented by a decimal number between 1 and 5.

The following method was applied to compute the PSD of beta band for a 2 s epoch:
filtered by means of a Butterworth bandpass filter between 3 Hz and 40 Hz, detrend filtered
and z-scored (it removes the mean and normalized by the standard deviation), Tukey
window (fraction 0.15), and the fast Fourier transform (FFT) based on Welch’s method (50%
overlap). At the end of the experiment, the sum of all PSD values (1 of each 2 s epoch) is
calculated as the total mean PSD of beta for each student. The total mean PSD of beta value
was normalized between 0 and 1, and it represents a rough estimation of the average level
of attention of the student during the task.

Since the purpose of this tool is for both face-to-face and online classes, we have taken
into account beta as the only EEG marker for the assessment of attention, discarding visual
inspections (only available in face-to-face lessons).
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In addition, due to the fact that the objective of the experiment was to test the tool
in a realistic classroom, the EEG signal was exposed to natural noise on purpose. Thus,
the conditions of the experiment were hardened, making the platform more robust. With
this in mind, and assuming that the level of noise in EEG signals could not be known or
controlled a priori, our strategy could never succeed by direct noise confrontation. Instead,
we decided to implement a conservative and robust methodology able to coexist with
relevant levels of noise, although at the cost of suboptimal performance. In this sense, we
decided to implement several techniques: bandpass filter 3–40 Hz (this band eliminates both
50 Hz from the power grid and flicker, typically centered one octave lower); elimination
of epoch above 75 µV, which also eliminated very energetic impulsive sources of short
duration and wide spectrum with beta contribution (such us eye blinking); averaging of
16 min of the PSD of each two-second epoch; and Z-score of each epoch, which ensures
that highly energetic and localized impulsive noise sources, such as those that occur with
experimentation outside the laboratory, do not have a greater contribution than any other
epoch. Figure 7 shows raw signals corresponding to two-second epoch (1024 values) before
and after the signal processing and noise filtering.
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Figure 7. Signal processing. As an illustrative example of one epoch of two seconds with 1024
samples. The upper and bottom plots show the raw and processed (after noise removal) EEG signals,
respectively.

The total mean PSD of beta for each student was correlated with the task score and
the mean of the answers to each mental state question, using the following correlation
models: Pearson (linear), Spearman (non-linear), and skipped. A skipped correlation is a
robust generalization of Pearson’s r or Spearman’s r by measuring the strength of the linear
association, ignoring outliers detected by taking into account the overall structure of the
data [42,43].

Next, in Table 2, all the signal processing specifications are summarized.
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Table 2. Specifications of signal processing.

Specification Value

Sampling frequency per second 512

Window size (epoch) 2 s (1024 samples)

Artifact filtering threshold 75 µV

Signal discretization method Fast Fourier transform

Signal amplitude range −100, 100 µV

Target frequency band Beta (12–30 Hz)

Noise filtering Butterworth, detrend, z-scored,
and Tukey window

Figure 8 shows an example of the different values obtained at the end of the
signal processing.
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Figure 8. Data obtained after the signal processing. In green, the total mean PSD of beta. In yellow,
the mean of the answers to each mental state question (1–5). In blue, the task score obtained from the
evaluation questions (0–10).

In addition to the continuous analysis based on different types of correlation, a statisti-
cal group analysis was performed in order to elucidate if there was statistically significant
differences in the total mean PSD of beta between the worst and the best performers (i.e.,
lowest and highest task scores, respectively). Only students with task scores out the range
mean ± 0.5 were included in this analysis. That is, students with scores close to the mean
score were excluded since they cannot be considered as worst or best performers. Moreover,
students with the total mean PSD of beta outside of the [5–95]% range were considered
outliers and removed (2 of each group). After checking that the parametric requirements of
normality (Shapiro–Wilk test) and variance homogeneity (Bartlett test) of both distributions
were not met, a nonparametric statistical test was performed. In particular, the Mann–
Whitney U-test was used to test the null hypothesis that the total mean PSD from groups
are samples from continuous distributions with equal medians. We set the significance
level at 5% (i.e., p-value < 0.05).
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Alternatively to correlation and statistical group analysis, we defined a classification
model based on a neural network (multilayer perceptron) [44] to discriminate students
that passed or failed the test (19 and 15 students passed and failed, respectively). The
optimization of the neural network model involved a thorough exploration of hyperparam-
eters through a grid-search technique. To validate the model, we utilized a leave-one-out
method, conducting 34 iterations: in each iteration, one case served as the test set, while
the remaining 33 formed the training set. Subsequently, using the collective predictions
from these iterations, we constructed a receiver operating characteristic (ROC) curve, and
computed the area under the curve (AUC). Furthermore, we employed a confusion matrix
to ascertain recall, precision, accuracy, and F1 score.

3. Results
3.1. Continuous Analysis

Table 3 shows the correlation between the total mean PSD of beta (Figure 8, green
box) and the other values obtained from student’s answers: task score (Figure 8, blue box)
and subjective mental state questions (Figure 8, orange box). The three models used for
correlation were Pearson, Spearman, and skipped.

Table 3. Correlation between the total mean PSD of beta and the score obtained from student’s
answer: evaluation questions (task score) and mental state questions. The correlation between the
task score and the total mean PSD of beta is 0.53, with a p-value of 0.003 (first row). There is no
significant correlation between the score obtained from the mental state questions and the total mean
PSD of beta (row 2 to 7).

Model Outliers R CI95% p-Value Power

Task score 1
Pearson 0 0.23 [−0.12, 0.54] 0.18 0.26

Spearman 0 0.32 [−0.02, 0.6] 0.06 0.46
Skipped 5 0.53 [0.21, 0.75] 0.003 0.87

Interest 2
Pearson 0 −0.04 [−0.38, 0.31] 0.81 0.05

Spearman 0 −0.03 [−0.37, 0.32] 0.86 0.05
Skipped 0 −0.03 [−0.37, 0.32] 0.86 0.05

Attention 2
Pearson 0 −0.05 [−0.39, 0.29] 0.76 0.06

Spearman 0 −0.06 [−0.39, 0.29] 0.74 0.06
Skipped 1 0.0 [−0.35, 0.35] 0.99 0.05

Mental fatigue 2
Pearson 0 0.04 [−0.30, 0.38] 0.80 0.05

Spearman 0 0.01 [−0.33, 0.35] 0.94 0.05
Skipped 0 0.01 [−0.33, 0.35] 0.95 0.05

Mental effort 2
Pearson 0 0.04 [−0.30, 0.38] 0.80 0.05

Spearman 0 0.06 [−0.4, 0.29] 0.73 0.06
Skipped 0 0.06 [−0.4, 0.29] 0.73 0.06

Stress 2
Pearson 0 −0.21 [−0.51, 0.15] 0.24 0.21

Spearman 0 −0.22 [−0.53, 0.13] 0.21 0.24
Skipped 0 −0.22 [−0.53, 0.13] 0.21 0.24

Relaxation 2
Pearson 0 0.09 [−0.26, 0.43] 0.59 0.08

Spearman 0 −0.02 [−0.37, 0.32] 0.89 0.05
Skipped 0 −0.22 [−0.37, 0.32] 0.89 0.05

1 Represented as a value between 0 and 10. 2 Represented as a value (between 1 and 5) obtained from the subjective
mental state questions asked to the student during the experiment (Table 1).
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The best model to correlate the PSD of beta with the task score was skipped, with a
correlation of 0.53, a CI95% between 0.2 and 0.75, and a p-value of 0.003. Skipped detected
and removed 5 outliers from the data set, obtaining better results than Pearson or Spearman.
The correlation between the total mean PSD of beta and any of the mental state questions
is less than 0.22, regardless of the correlation model. The p-value in all cases is higher
than 0.21.

Table 4 shows statistical information about the different data.

Table 4. Statistical information (mean, standard deviation and median) about the data of the exper-
iment: task score and mental state questions. The mean task score (5.0, s.d. 2.3) suggests that the
difficulty and the content of the task are coherent with regular experience in a typical class.

Data Mean Standard Dev. Median

Task score 5.0 2.3 5.2
Interest 4.3 0.5 4.2

Attention 4.3 0.5 4.4
Mental fatigue 2.2 0.7 2.0
Mental effort 2.7 0.9 2.6

Stress 1.7 0.6 1.5
Relaxation 3.3 0.8 3.2

Figure 9 shows the distribution of the task score. A total of 55% of the students passed
the examen. The most repeated punctuation was 4.25.
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Figure 10 shows the scatter plot of the total mean PSD of beta band and the task score
for each student. Two trend lines have been plotted: a linear regression (red) a polynomic
regression (green). The polynomic regression (R2 = 0.42) has a better fit than the linear one
(R2 = 0.24).
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Figure 10. Scatter plot of the total mean PSD of beta and the task score of the participants after
removing the outliers. The x-axis represents the beta levels, and the y-axis represents the score of
the evaluation test. Two trend lines have been plotted, a linear (red) and a non-linear (green). The
polynomic regression has a better fit than the linear one (R2 = 0.42).

3.2. Group Analysis

Figure 11 shows the groups conformation for the statistical group analysis. The final
sizes of the groups were 12 and 11 for the worst and best performers, respectively.
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Figure 11. Groups conformation for the statistical group analysis. In blue, worst performers (scores
under 5). In red, best performers (scores above 5). After removing the outliers, it is generally higher
the beta levels of the best performers than the worst performers.

Figure 12 shows a boxplot of the group analysis. The Mann–Whitney U-test rejected the
null hypothesis that the total mean PSD of beta from groups are samples from continuous
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distributions with equal medians with a p-value < 0.05. Therefore, the medians of worst
and best performers are different with statistical significance.
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Figure 12. Boxplot of the group analysis. + indicates data points beyond the whiskers (maximum
whisker length is equal to the interquartile range). The median of the best performers is approximately
0.16, while the median of the worst performers is approximately 0.12.

3.3. Classification Model

Table 5 compiles the outcomes derived from the confusion matrix and the values of
evaluation metrics, including recall, accuracy, precision, and F1 score.

Table 5. Confusion matrix results and values of evaluation metrics.

True Positives False Positives False Negatives True Negatives Recall Accuracy Precision F1-Score

14 2 5 13 0.73 0.79 0.86 0.80

Figure 13 displays the ROC curve alongside the area under the curve (AUC).
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4. Discussion

In this study, an EEG-based platform was used under realistic conditions to extract
the levels of attention of a class and to relate them to the academic performance of students.
These results evidence that our platform is a feasible tool for the estimation of the students’
academic performance during a class, and the consequential potential to improve the
effectiveness of the teaching–learning process and, hence, the academic outcomes.

Additionally, given the assumption that the level of noise in EEG signals may not
be predetermined or managed beforehand, we have adopted a conservative and robust
methodology employing multiple techniques. This approach allowed for coexistence
with substantial noise levels, albeit at the expense of optimal performance. Consequently,
we have substantiated our primary assertion: the development of a platform capable
of functioning in conditions akin to those in a real secondary class environment. This
platform exhibits a reasonable degree of resilience and adaptability, even in the presence of
expectedly high levels of EEG noise.

The results (Table 3) show a significant correlation in the skipped model between the
students’ task score and the total mean PSD of beta (R = 0.53, p-value = 0.003). As expected,
the skipped model obtained better results than Pearson or Spearman model, since this
method is more robust, and has the capacity to detect and remove outliers. A positive
correlation between the total mean PSD of beta band and the task score across students
indicates that students with higher PSD of beta will achieve better academic results. Under
the assumption that students with higher levels of attention will obtain better results [4],
our finding is coherent with the literature, which relates enhanced levels of beta with those
of concentration, alertness, and attention [33–36].

Table 3 also shows the correlation between the mean values of the answers to the
subjective questions about the mental state (see Table 1) across students. For them, no
significant correlation was found with the PSD of beta (the null hypothesis was zero cor-
relation). Furthermore, none of the correlations have statistical significance, as all the
p-values of the correlations are greater than 0.05. Since the significant correlation between
PSD of beta and academic performance was established in this study, the former sug-
gests that the students’ subjective perception cannot be considered as a good indicator of
attention. In other words, asking students about their mental state (e.g., level of attention,
interest, mental fatigue, etc.) is not helpful to estimate academic performance at the end of
a class.

In Table 4 and Figure 9, the mean task score (5.0, s.d. 2.3), the Gaussian-shaped
distribution of scores centered at the mean task score, and the high values achieved by
related items (interest = 4.2, attention = 4.3) suggest that the difficulty and the content of
the task were coherent with regular experience in a typical class. In addition, the students
did not experience high mental fatigue or effort (2.1 and 2.6, respectively) and the level
of stress and relaxation were low and high, respectively (1.6 and 3.2, respectively). These
results reveal that the study was conducted in adequate condition for the assessment of the
academic performance.

Figure 10 shows two regression equations between the total mean PSD of beta and
the task score: a polynomial and a linear. The polynomial regression (R2 = 0.42) has a
better fit than the linear (R2 = 0.24). This aligns with the correlation values found using
the skipped model, as, for this experiment, ‘skipped’ has been configured based on the
Spearman model, which is non-linear.

Figure 11 shows the best scores in red (scores above 5) and the worst scores in blue
points (scores below 5). Visually, it can be observed that, on average, students with higher
scores have a higher total mean PSD of beta compared to students with lower scores.
Indeed, Figure 12 shows that the worst performers median of the total mean PSD of beta is
around 0.12 and the best performers median of the total mean PSD of beta is around 0.16.

The results of hypothesis test in the worst vs. best performers analysis demonstrate
that, from a statistical point of view, the best performers group has a significantly higher
total mean PSD of beta than the worst performers group. This result is consistent with
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the positive correlation shown in Table 3 and with the main claim of our work, since this
platform can help teachers to find the students that will have better academic performance
and who will not.

Table 5 and Figure 13 present the outcomes of the neural network classification model.
The ROC area (0.82), precision (0.88), and F1 score (0.80) collectively indicate the platform’s
capability to estimate, in real time, the likelihood of passing or failing a test centered on
curricular content during a class. This is a promising result that credits our platform with
the ability to yield a reasonable a priori estimation of the rate of students in the class that
will pass the test, thus, constituting a valuable piece of information for teachers.

The revision of the state of art about portable EEG technology in educational re-
search [45] points out that most of the EEG-based studies were conducted with university
students, in non-naturalistic classrooms, and as an after-school activity. Just a few of them
were made with curricular content. Conversely, our study was conducted with students
in a secondary school, in a realistic classroom, recording 3–4 participants simultaneously,
with curricular contents, during class hours, and as an assessable task. To the best of our
knowledge, this is the first experiment performed under these conditions. Therefore, we
cannot compare our results to similar studies, as the experimental conditions and the study
objective (beta-performance) are not the same. Another relevant aspect is that the EEG plat-
form was implemented with a low-cost non-invasive EEG device and a standard PC as the
processing server. These features make this platform affordable for any educational center.

5. Conclusions

In this work, we have presented a new low-cost EEG simultaneous recording platform
that can monitor the PSD level of beta of four students in real time while they are performing
an academic task. After testing the platform, the results point out that there exists a
direct relation between the beta band and the academic performance that, conveniently
interpreted by teachers, can be used to steer the course of the class. Furthermore, we have
demonstrated that despite being a low-cost EEG platform, the platform is functional and
can help estimate students’ academic performance. As a tool, we expect an impact on the
community of secondary school teachers.

This tool could be adopted in fields such as neuromarketing or in any task requiring
the monitoring of real-time attention levels, such as industrial robotics, the defense sector,
or the aerospace industry, where attention levels can suddenly decrease due to fatigue or
stress, potentially leading to serious outcomes.

5.1. Limitations

This exploratory and feasibility study has some limitations, such as:

a. The number of participants that can be registered simultaneously due to the Bluetooth
connection is limited to four;

b. The use of a single dry electrode, while appropriate in terms of usability and cost,
limits the richness and quality of the EEG signal. Another study using more sophis-
ticated devices, with a greater number of wet electrodes, would be possible, but it
would be outside the scope of this study’s purpose, mainly due to higher costs and
more difficult preparation for the user;

c. The number of participants. Although the sample size is low for solid conclusions,
the results shown in this work support the relationship between the total mean PSD
of beta and the academic performance;

d. The main claim of our work is to introduce a new low-cost EEG platform capable of
recording, processing, and delivering valuable real-time information to teachers in a
real classroom setting. Our primary focus is not on developing an optimal EEG signal
processing algorithm, but to show the benefits of the use of such a platform. The
efficiency of our platform could possibly improve with a more advanced technique
like artificial intelligence (AI).
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5.2. Future Work

For future studies, some improvements could be applied, such as: replacing the
Bluetooth connection with WiFi, which would allow for registering a much larger number
of participants simultaneously (more than 100); applying stronger statistical analysis models
or AI models, such as neural networks, random forest, or support vector machines (SVM);
and conducting experiments under same conditions with a larger sample to deepen the
generated knowledge.
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