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Abstract

This work presents a real-time biofeedback tool that uses wearables and Internet of Things (IoT) for applications in
education. Using wearables (electroencephalography helmet, smart bands) and a Raspberry Pi, signals were integrated
in real-time. Moreover, a three-class random forest (RF) classification machine learning (ML) algorithm, based on the
aforementioned signals, which predicted a student's mental fatigue (none, moderate and extreme fatigue) with 92.69%
average correct classification percentage using 5-fold cross-validation (CV). The system can evaluate a student's
performance under different learning modalities, in addition, it can show different content types to students, depending
on the professor's necessities. In the current work, vehicle signals were integrated for teaching automotive engineering.
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1. Introduction

Education needs to adapt constantly, hence a variety of trustworthy evaluation and teaching methods need to be
employed. A recent option is the use of biometrics as a biofeedback tool that works as an intelligent system for
students, as well as teachers, to improve their respective learning performance.

Biometrics is the use of biological measurements related to the human body, one of the oldest biometrics being used
are fingerprints, since they have been used on forensics with the purpose of identifying an individual, as each
fingerprint is unique (NarayanMohanty and Sikka 2021). On the other hand, recent methods extract biometrics, such
as vein biometrics, further used on the financial industry to authenticate financial transactions (Mohsin et al. 2020).

Moving back to education, multiple efforts have been made to implement them, advances range from its basic form

as biometric scanners such as fingerprints or face recognition (Leaton, 2018) to access facilities or as a payment
method within the campus, done via companies as identiMetrics and IDconnect (Garg et al. 2018). Other studies use
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neuroimaging techniques such as functional magnetic resonance imaging (fMRI), that helps in the visualization of the
current set of exercises a student is doing (Anderson et al. 2010).

Both of the previously mentioned cases represent opposites sides regarding pricing and dependency of biometrics.
The current study aims for a middle point, a variety of wearables devices that can extract physiological signals such
as: electroencephalogram (EEQG), electrocardiogram (ECG), and many others, these devices have an accessible price
while still offering great resolution to reliably evaluate an individual.

As it was previously stated, education needs to innovate in order to deliver a modern and fulfilling learning experience
to its students. This demands new metrics that are highly related to the student's cognition when exposed to different
teaching methods, which then lead to the creation of a database that could be further analyzed to deliver high quality
lectures for the best learning experience by each student, based on their biometrics.

The previous scenario can be achieved via an integrated system that considers multiple biometrics in order to create
advanced metrics, further used to evaluate teaching techniques and methods. This would provide a holistic perspective
that uses reliable procedures to collect the corresponding data, as well as interpreting it using Machine Learning (ML)
models. The collection of these data is then delivered in an easy-to-use platform for a teacher, in sought of giving
perspicuity to the teacher in question of their respective students' state.

Further exploring education's field, the current study focuses on smart classes using Internet of Things (IoT) devices,
with the purpose of gathering quantitative biofeedback that could be further used as a metric by both lecturer and
student in hopes of creating a more cohesive, learning environment.

The aim is to create an integrated framework of biometric devices with the capability to improve performance of a
student's learning during education. The development uses multiple biometric devices that gather biometrics from the
student, in order to deliver an accurate prediction about the student’s level of mental fatigue that wears the wireless
devices, which is further uploaded to a created web application to track the student’s performance.

The system was already tested via a student using the integrated system while exposed to a video lecture, which is
used by Tec de Monterrey's Automotive Engineering subject. A future module would also be integrated, which gathers
signals from a moving vehicle, so students can get an interactive approach on learning the subject.

By using these biometric signals, the system in question was capable enough of providing the user feedback about
their respective fatigue level.

1.1 Objectives

As far as the authors know, currently there is not an integrated system which generates reliable, quantitative data as a
metric of a student's performance. This is the objective of the project, to create an interactive application that uses
student's biometrics to further create a report used by the teacher or the student itself, so to improve learning via using
the right activities and assessments that are less fatiguing to a student in question.

The system has also opportunity to utilize the other biometric systems (Hexiwear and Empatica) in further experiments
to add new features of interest to the interactive platform. As for the current project, only EEG signals provided by
the OpenBCI were used, as these electroencephalographic signals are highly correlated with mental fatigue.

2. Literature Review

Many research has been made using single biometric devices to validate its effectiveness on predicting and gathering
relevant cognitive features, such as: stress, mental fatigue, attention to a given task. These features might be used in
an interactive IoT environment to support constant monitoring, and so improve student’s learning experience.

Research on biometric wearables show their reliability: Empatica on detecting convulsive seizures (Regalia et al.
2019), and Raspberry Pi with Hexiwear to develop a cloud-based IoT framework (Mocnej et al. 2021).

On cognitive features, EEG signals are used to evaluate the student's level of meditation (Xu and Zhong 2018) and

attention (Brawner and Avelino 2016), further combined with an audio signal to increase the level of attention (Sun
and Yeh 2017). Thermal infrared imaging can also obtain students' level of attention within a smart classroom (Kim
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2019), and ECG features such as Hearth Rate Variability (HRV) can identify stress conditions (Zhou et al. 2021),
which performed best when combined with electromyogram (EMQG) features (Pourmohammadi and Maleki 2020).

These biometrics can then be used to solve learning-related issues such as assessments loads, which affect students'
mental health, as negative emotions related to stress and anxiety deteriorate learning (Wass et al. 2020). Monitoring
of biometrics in the classroom can create new learning ways, as direct feedback to students with an appropriate
implementation of teaching methods, improve learning pace and retention (Gruzelier et al. 2014).

In essence, validation of biometrics and cognitive features has been well stablished, with some studies even explored
their relationship to student’s performance. Although there is scarce research when using IoT to interconnect in real-
time, multiple biometric devices, and combined with cloud services to create interactive environments in education,
with the purpose on fostering new learning methods and so leverage education based on biometrics.

3. Methods

The current study focuses on smart classes using wearable sensors and IoT devices, with the purpose of providing
quantitative biofeedback to both lecturer and student in hopes of creating a more cohesive, learning environment. The
aim is to create an integrated framework of biometric devices that has the capability of improving a student's
performance during learning, by providing biofeedback.

Wireless devices attached to the student gather biometrics (EEG, heart rate, temperature), to deliver an accurate
prediction about their mental fatigue, further uploaded to a web application to track the performance of a student.

The system is composed on four key modules:

Data Acquisition (OpenBCI, Empatica, Hexiwear).

Data Integration (Raspberry Pi, ML Model).

IoT and Web Server (Backend, Frontend).

Interactive Visualization for Students (Geotab, Google Street View), which is specific for the current study,
however, can be modified depending on the learning content.

Eal

The methodological proposal is presented in Figure 1; the workflow starts on the left-side with the user interacting
with the biometric devices connected to a single Raspberry Pi 4 Model B, where wearables’ data are processed and
sent to the ML model created using R and Python, which predicts mental fatigue based on a previously trained model.

All these data are further sent to the Django designed backend, which is able to interconnect with the web application
created using Angular and hosted in Google Firebase, and so the user can visualize and interact with its biometric data
and cognitive features in real-time.

Meanwhile, using an IoT approach, the biometric data is stored in cloud storage using Heroku, so that the user can
further visualize their past biometrics' recordings and respective level of mental fatigue level in a given session.

An additional Geotab device (vehicle-related features reading sensor) and Google Street View were combined to
further implement the system when the student learns about a specific subject (in this case, automotive engineering).

These last components represent the interactive feature of the system, as they present information to the students, and

are included because the system was first implemented an automotive engineering course. It is important to note that
this system is flexible, thus allowing the inclusion of different biometric devices, ML models and learning content.
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Figure 1. Flow diagram of the overall integration within the multiple modules involved in the process.
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The Raspberry Pi was a central module, as it connected with the biometric devices in Table 1 and posted all its data
to a web server, using Python 3.8. This device is the world's third best-selling general-purpose computer, after personal
computers (PCs) and Macs (Fletcher and Mura 2019). Resembles a small computer that runs Raspbian OS, which is

a Linux-based operating system, and thus its versatile, portable, cost effective, and powerful.

Table 1. IoT devices' general description, connection to the central module and features generated.

Device Description Connection Features
Smart bracelet, measures Lab Stream Layer ECG-related features can
acceleration, blood (LSL) module using interpret if a subject is under
Empatica B4 volume pulse (BVP), Python, able to interact stress, fatigue or relaxation
P electrodermal activity with the "E4 streaming | period. EDA and BVP could
(EDA) and skin server" Windows app be cross-checked to assess
temperature. (Empatica Inc. 2021). stress and fatigue.
IoT smart device with Bluetooth socket, data Can be used as an
sensors designed by the was acquired by each | accelerometer, magnetometer,
Hexiwear company sensor's Universally gyroscope, and barometer,
MikroElektronika, to Unique Identifier sensors employed:
serve as a multipurpose (UUID), and it was (HTU21D) Temperature,
device. stored with Python. (MAX30101) Heart rate.
Ultracortex “Mark TV B'ramﬂow S Python EEG band powers from 8-
library to acquire, channel dry electrodes,
EEG headset, an open- .
. process and clean following the 10-20
OpenBCI source brain-computer . .
signals. Connected to International System of
helmet that record the . ]
brain's electrical activity the Raspberry using an Electrode Placement: FP2,
) USB dongle. FP1, C4, C3, P8, P7, O1, O2.

Data posting was done via an Application Programming Interface (API) described in Section 5.2, and so the Raspberry
converted all Comma-Separated Values (CSV) files into JavaScript Object Notation (JSON) files. With the purpose
of making the web application faster and more efficient, as JSON files are lighter. The posted information:

e Hexiwear: User's temperature and heart rate fluctuations through time.
e Brainflow: Power Spectral Density (PSD), and power ratios for all EEG channels.
e  Machine Learning Algorithm: Level of mental fatigue, based on model’s prediction.
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Moreover, a telematics provider that connects vehicles and provide web-based analytics was developed using Geotab
and Google Street View. The data used for the current study was obtained setting up multiple devices in buses, then
the images of them driving across a street were extracted via an API connection to Geotab's Software Development
Kit (SDK). Using Python, the following functions were used:

e LogRecord: Required the vehicle's ID and the timeframe desired, returned the position and velocity of the
vehicle according to the date and time specified.
e FuelUpEvent: Obtained the current fuel's consumption data.

The aforementioned data is then saved as a JSON file and sent to the sever to further display it. Furthermore, using
the latitude and longitude, an image of the vehicle's location was created using Google Street View API. With the
purpose of identifying a person's mental fatigue level at a certain speed and fuel's consumption.

4. Data Collection

The data used was obtained during a past study (Ramirez-Moreno et al 2021), it is composed of: a set of EEG signals
acquired via an 8-channel OpenBCI, by placing dry electrodes on the head of a subject; and mental fatigue
classifications according to the 3-class (No, Moderate and Extreme Fatigue) Fatigue Assessment Scale (FAS),
assessed by their official self-answered questionnaire (Spanish version) taken before recording EEG, this was applied
to 17 healthy subjects with mean age of 22 years and standard deviation of + 3 years (8 male, 9 female).

The dataset consisted on a five-minute EEG recording, composed by: 30 seconds measurement of Eyes Closed (EC),
30 seconds of Eyes Open (EO), and 4 minutes of an Auditory Oddball task to elicit P300 waveforms. The Auditory
Oddball task consists in two stimuli with different intensity, in this case the stimuli were two tones with different
frequency: baseline and oddball, and so the baseline tone is repeated more frequently that the oddball. The system
then evokes the P300 waveform when the oddball sound is presented, on the other hand, first minute is used as a
calibration step to normalize signals according to each subject’s signals.

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 6 (47 Hz); Alpha a (8-12 Hz); Beta B (13-29 Hz); and Gamma vy (30-50 Hz), calculated using PSD. These
resulting features were normalized using the following Equation 1:

x—p
u

)

xnorm =

Where X, represents the normalized band power and p, the mean of a given band power and subject, from the 30
seconds EO recording. For data pre-processing: outliers were removed from the normalized data so that every value
lied within —10 < x < 10 range. Class imbalance was present, as 66% percent of total classes were "Moderate
Fatigue", so a random over-sampler method was applied, so that each class had an equal 33% representation of the
total data (as three levels were employed).

Moreover, a set of combined features in the form of power ratios within the same EEG channel (such as: % P7), were

added. Considering that there are 5 band powers and 8 EEG channels, 40 base features were power bands, and 160
EEG Power Ratios. The resulting 200 features were reduced to 8 most significant features, to reduce model's
complexity for real-time predictions. A hybrid feature selection method was developed to accomplish the task, which
combined importance from both Random Forest (RF) and Multivariate Adaptive Regression Splines (MARS).

The aforementioned method starts with a RF classification model that computed the Mean Decrease Impurity (MDI),
measured by the Gini index in Equation 2. Where f; represents the frequency of label i at a node, while C are the
possible labels (No, Moderate and Extreme Fatigue). The computed metric then reflects the reduction of the index,
which represents the number of splits in a tree that used that feature, the more it is used on splits of a given binary
decision tree, it then means that is more determinant to separate each class.
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c
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Using the RF metric, the best 50 features were selected and fitted into a MARS model using the earth R package
(Milborrow 2018), to capture non-linear relationships. The decrease of Residual Sum of Squares (RSS) (Equation 3)
of each feature was calculated via a Leave-One-Out (LOO) approach, removing each feature and computing the
difference on the RSS, the results were normalized to relative importance, where 100 is the biggest decrease (best).

RSS = ) (= 9’ )
i=1

Given that RF is a boosted-based method, it depends on randomness, and so an average approach was taken to better
generalize, which consisted on running 20 iterations with different seeds. For each iteration, features where reduced
to the best 10 features according to the MARS model, then both MDI and RSS were computed. Each feature's
importance was summed and normalized by their maximum value, displayed in Table 2, features are ordered according
to RSS, the determinant metric.

5. Results and Discussion

5.1 Numerical Results

Using features’ importance in Table 2, features with < 30 normalized decrease in RSS were removed, and so only
the best 8 features with the greatest RSS were selected, which are 6 band powers and 2 ratio powers.

Table 2. Feature selection using decrease in RSS and Mean Decrease Impurity (MDI).

Feature MARS (RSS) RF (MDI) Feature MARS (RSS) RF (MDI)
0 (01) 100.00000 62.04875 6 (FP2) 51.3624 63.51241
0 (C4) 87.56760 52.23073 5 /7(02) 41.53791 52.94083
B (P7) 82.80721 100.00000 0 (FP2) 29.02988 23.06057
B (P8) 74.26629 73.19926 S /B (P8) 26.46342 14.35046
& /v (P8) 56.99946 48.53941 S (P8) 23.53160 11.45306
B (FP1) 56.29914 37.63690 B (C4) 21.46678 40.13383

To evaluate the ML models created using the given best features, accuracy (Equation 4) was used as an evaluation
metric, which is considered as the average correct classification percentage.

Number of correct predictions

Accuracy (%) = (4)

Total number of predictions

Using the aforementioned best features, 5 different ML algorithms were used to generate 5 different ML models:
Random Forest (RF); radial-kernel Support Vector Machine (svmRadial); Gradient Boosted Machines (GBM);
Classification and Regression Trees (CART); and Linear Discriminant Analysis (LDA). To generalize and validate
results, 20 random splits with an 80:20 split ratio (80% training and 20% testing) were created, for each split, models
were trained using training dataset and 5-fold cross-validations to obtain the best model, afterwards tested on the
testing dataset to obtain its accuracy. After the splits, minimum, average and maximum accuracies were obtained.

Based on the average accuracy obtained using a multiple seeds approach, results are displayed in Table 3. Which
shows that RF was superior (92.69%), followed by svmRadial (76.29%) and GBM (76.07%), lastly, CART (55.52%)
and LDA (55.64%). For the best model (RF), maximum accuracy was 93.56% and minimum accuracy 91.74%, which
serve as confidence intervals for the created, chosen model.
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Table 3. Testing accuracy using 80:20 split on balanced dataset with 5-fold cross-validation.

Model Minimum Accuracy (%) | Average Accuracy (%) | Maximum Accuracy (%)
RF 91.74384 92.69576 93.56949
svmRadial 74.78683 76.29217 77.74977
GBM 74.56579 76.07552 77.53790
CART 53.79128 55.52461 57.24792
LDA 52.17807 53.91520 55.64522

5.2 Graphical Results

The final integration of the entire modules within a single Raspberry Pi, provided an astounding tool that yields a
complete report on body biometrics, including the brain (OpenBCI) and body (Empatica, Hexiwear). A picture of the
final, integrated system is displayed in Figure 2: The participant on the left picture is using the three wearables, while
using the Interactive Visualization, created using Google Street View and Geotab. On the other hand, a researcher on
the right picture is visualizing the data inflow that is being generated, further uploaded to the created web server.

Figure 2. (Left) A participant using the created interactive environment and biometric devices, (Right) Data acquired
during the experiment is sent to another PC wirelessly for visualization and analysis.

Moreover, a web application based on microservices was developed for this study, the architecture consisted of back-
end and front-end. The back-end was developed in Django to create a Representational State Transfer (REST) API
that manages user's requests, further hosted on Heroku as a service. On the other hand, the front-end module was
developed in Angular (Google's front-end framework) and used Nebular to create a simple but elegant User Interface
(UI), further hosted on Google Firebase, an example of feature visualization is shown in Figure 3.

The web application interconnects the results of multiple biometric devices (OpenBCI, Hexiwear and Empatica) on a
single Firebase App that also uses Geotab to provide an interactive UI. Biometrics are injected into a ML algorithm
to predict the level of mental fatigue that the user has during a session and uploads it to cloud storage in order to
inspect and contrast the performance of a student during multiple sessions, using the developed infrastructure.
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Figure 3. Screenshot of the web application created, where the Blood Volume Pulse (BVP) of two takes from a
participant is shown on two different plots.

5.3 Proposed Improvements

The tool can be further improved with additional biometrics and ML models, in order to gather additional features and
metrics, which are related with students' learning rate and attention, these features are hard to find using traditional,
non-technological techniques, such as the mental fatigue level.

Moreover, testing was done with students exposed to a video lecture used by Tecnologico de Monterrey's Automotive
Engineering subject (Ramirez-Moreno et al. 2020). The lecture included Geotab as an interactive environment that
integrates the signals of a vehicle moving across the streets. With every lecture, a biometrics’ dataset was obtained,
which was further used to predict the student’s mental fatigue level in real-time.

5.4 Validation

Although the accuracy of the RF model was already acquired using multiple seeds, random 80:20 splits and 5-fold
cross-validations, an additional validation technique was used. Such validation consisted of training the RF model on
the whole labeled recordings, and then be tested on another different dataset, which consisted of 16 different students.
In this new dataset, the FAS questionnaire was applied to students, and then underwent two five-minute EEG
recordings: one at the beginning of a class, and another one after (1.5-hour) the class. The trained RF model was then
used to predict the mental fatigue levels after the lecture and were compared to the "real" ones obtained from the FAS.

Each mental fatigue classes’ prevalence is in Figure 4; where it seems clear that there was a reduction on the number
of samples that were categorized as "No Fatigue" after the class, which is then related to an increase of the number of
samples in "Moderate Fatigue" category. While the third classification, "Extreme Fatigue", remained similar before
and after the test, with a very slight decrease after the class. Although these results refer to data obtained from a
different dataset, it provides validation to the created model, as it was successfully capable of generalizing and
predicting on a completely new dataset, and thus predicting the expected trend (students experiencing more mental
fatigue as compared to their baseline) on an unknown (to the model) dataset.
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Figure 4. EEG pre-test data contained specific fatigue classifications given by a questionnaire answered by
participants, used to train the final RF model. Afterwards, the model was used to predict fatigue level on the post-
test EEG data, which had no true classifications given by participants.

6. Conclusion

The presented results only made use of the EEG signals provided by the OpenBCI to build the predictive models.
However, the created system has the opportunity to use other biometric devices (Hexiwear and Empatica) in further
experiments and so, add new features of interest into the predictive models.

The methodology followed within the study was concise and flexible, and it can be further escalated with additional
biometrics, as well as algorithms that could enhance the created web application. Due to the current COVID-19
pandemic, the created system has yet to be tested on a larger scale with students in a classroom. Nonetheless, the
current development has the potential to serve as a basis to further revolutionize the current traditional teaching. In
the evaluated dataset, the system was able to predict that students were more fatigued by the end of the class, as more
of them moved from the no fatigue to the moderate fatigue class, as it would be expected after a 1.5-hour lecture.

This type of systems might lead to the creation of new educational models. Such models would be developed based
on the analysis of biometric signals of students during a class, thus providing a reliable validation. Both teaching and
learning can be continuously improved, by analyzing the physiological variables of students during a class, to infer
their mental and physical states. Then, educators would have the tools to perform adaptations and changes in their
classes as a response to their students’ reactions.

© IEOM Society International 2967



Proceedings of the International Conference on Industrial Engineering and Operations Management
Monterrey, Mexico, November 3-5, 2021

References

Anderson, J. R., Betts, S., Ferris, J. L., and Fincham, J. M. Neural imaging to track mental states while using an
intelligent tutoring system. Proceedings of the National Academy of Sciences, vol. 107, no. 15, pp. 7018-7023,
2010.

Brawner, K. W., and Gonzalez, A. J. Modelling a learner's affective state in real time to improve intelligent tutoring
effectiveness. Theoretical Issues in Ergonomics Science, vol. 17, no. 2, pp. 183-210, 2016

Empatica Inc. Empatica E4, 2021.

Fletcher, A., and Mura, C. Ten quick tips for using a Raspberry Pi. PLoS Comput Biol, vol. 15, p. 1006959, 05 2019

Garg, V., Singhal, A., and Tiwari, P. “a study on transformation in technological based biometrics attendance system:
Human resource management practice”. 2018 8th International Conference on Cloud Computing, Data Science
Engineering (Conuence), pp. 809-813, Jan 2018

Gruzelier, J., Foks, M., Steffert, T., Chen, M.-L., and Ros, T. Beneficial outcome from EEG-neurofeedback on creative
music performance, attention and well-being in school children. Biological Psychology, vol. 95, pp. 86-95, 2014.
SAN (Society of Applied Neuroscience) Special issue on Neurofeedback.

Kim, P. W. Ambient intelligence in a smart classroom for assessing students' engagement levels. Journal of Ambient
Intelligence and Humanized Computing, vol. 10, pp. 3847-3852, Oct 2019.

Leaton Gray, S. Biometrics in Schools, pp.405-424, Cham: Springer International Publishing, 2018.

Milborrow. Derived from mda:mars by T. Hastie and R. Tibshirani., S. earth: Multivariate Adaptive Regression
Splines, 2018. R package.

Mocnej, J., Pekar, A., Seah, W. K., Papcun, P., Kajati, E., Cupkova, D., Koziorek, J., and Zolotova, I. Quality-enabled
decentralized IoT architecture with efficient resources utilization. Robotics and Computer-Integrated
Manufacturing, vol. 67, pp. 102001, 2021.

Mohsin, A. H., Zaidan, A. A., Zaidan, B. B., Albahri, O. S., Bin Ariffin, S. A., Alemran, A., Enaizan, O., Shareef, A.
H., Jasim, A. N., Jalood, N. S., Bager, M. J., Alamoodi, A. H., Almahdi, E. M., Albahri, A. S., Alsalem, M. A.,
Mohammed, K. I., Ameen, H. A., and Garfan, S. Finger vein biometrics: Taxonomy analysis, open challenges,
future directions, and recommended solution for decentralised network architectures. /EEE Access, vol. 8, pp.
9821-9845, 2020.

NarayanMohanty, M., and Sikka, R. oReview on fingerprint-based identification system. Materials Today:
Proceedings, 2021.

Pourmohammadi, S., and Maleki, A. Stress detection using ECG and EMG signals: A comprehensive study. Computer
Methods and Programs in Biomedicine, vol. 193, pp. 105482, 2020.

Ramirez-Moreno, M., Diaz-Padilla, M., Valenzuela-Gémez, K., Vargas-Martinez, A., Roman-Flores, A., Morales-
Menendez, R., Ramirez-Mendoza, R., and Lozoya-Santos, J. Advanced Learning Assistant System (ALAS) for
engineering education. 2020 IEEE Global Engineering Education Conference (EDUCON), 2020, pp. 1858-1861.

Ramirez-Moreno, M. A., Carrillo-Tijerina, P., and Lozoya-Santos, J. d. J. EEG and Empatica E4 signals - Five minute
P300 test and FAS scores, 2021.

Ramirez-Moreno, M. A., Diaz-Padilla, M., Valenzuela-Gémez, K. D., Vargas-Martinez, A., Tudén-Martinez, J. C.,
Morales-Menendez, R., Ramirez-Mendoza, R. A., Pérez-Henriquez, B. L., and Lozoya-Santos, J. d. J. EEG-based
tool for prediction of university students' cognitive performance in the classroom, Brain Sciences, vol. 11, no. 6,
2021.

Regalia, G., Onorati, F., Lai, M., Caborni, C., and Picard, R. W. Multimodal wrist-worn devices for seizure detection
and advancing research: Focus on the Empatica wristbands. Epilepsy Research, vol. 153, pp. 79-82, 2019.

Sun, J. C. Y., and Yeh, K. P. C. The effects of attention monitoring with EEG biofeedback on university students'
attention and self-efficacy: The case of anti-phishing instructional materials. Computers and Education, vol. 106,
pp- 73-82, 2017.

Wass, R., Timmermans, J., Harland, T., and McLean, A. Annoyance and frustration: Emotional responses to being
assessed in higher education. Active Learning in Higher Education, vol. 21, no. 3, pp. 189-201, 2020.

Xu, J., and Zhong, B. Review on portable EEG technology in educational research. Computers in Human Behavior,
vol. 81, pp. 340-349, 2018.

Zhou, R., Wang, C., Zhang, P., Chen, X., Du, L., Wang, P., Zhao, Z., Du, M., Fang, Z. ECG-based biometric under
different psychological stress states. Computer Methods and Programs in Biomedicine, vol. 202, pp.106005,
2021.

© IEOM Society International 2968



Proceedings of the International Conference on Industrial Engineering and Operations Management
Monterrey, Mexico, November 3-5, 2021

Biography

MOCL. Milton O. Candela-Leal is a Sophomore Undergraduate Student in Biomedical Engineering at Tecnologico
de Monterrey, Nuevo Ledn, México. He has experience in Python, MATLAB and R. His research interests are Data
Science, Machine Learning and Deep Learning applied in biomedical engineering context such as Brain-Computer
Interfaces, Neurorobotics and Health Informatics. He has collaborated in many [IUCRC BRAIN TEC initiatives that
involve the creation of Artificial Intelligence models, based on wearables and biometric data.

JMGRB. Juan M. Garcia-Briones is a Senior undergraduate student in Computer Science at Instituto Tecnologico y
de Estudios Superiores de Monterrey. He is a Data Engineer and MLOps Engineer at NEORIS working in the Data
Science Team to optimize the Cloud services and designing Data pipelines and infrastructure.

GOM. Gustavo Olivas-Martinez currently attends his undergraduate studies in Mechatronics Engineering at
Tecnoldogico de Monterrey, Nuevo Leon, México. His interest areas consist of control systems, programming, 3D
design and mechanics. He collaborated as a research engineer for the SIEMENS factory in Nuevo Leon for a project
which aimed to optimize internal processes for cost reductions. His most recent collaboration was a joint investigation
between MachineCare Education and Tecnoldgico de Monterrey whose objective is to find a pattern in biometric
signals for interest detection using Machine Learning.

RAR. Rafael Abrego-Ramos is a Junior undergrad currently pursuing both a major in biomedical engineering and a
minor in intelligent systems at Tecnoldgico de Monterrey, Campus Monterrey in Monterrey, Mexico. He currently
works as a software developer at a tech start-up focused on minimizing enterprises utilities day-to-day costs. He's a
passionate student who prides himself in consistently looking to learn, collaborate, and grow as a professional.
Additionally, he was vice-president of the first Mexican BMES student chapter to be awarded the Outstanding Chapter
award.

GJAE. Gabriela J. Alvarez-Espinoza is a student of the Digital Systems and Robotics Engineering at the
Tecnoldgico de Monterrey, working as a research intern in the area of science and engineering. I had the opportunity
to work as a developer on the ALAS System, in the part of the data acquisition with the OpenBClI, filtering and sending
the data to the machine learning model. Being an active person at the school level with leadership and development
capacities in high performance international representative teams such as RoBorregos and VantTec.

DMBS. Diego M. Botin-Sanabria is a Mechatronics Engineering bachelor student in Tecnologico de Monterrey. He
is Project Manager Jr. for the Digital Twins and Digital Cab research programs and technical lead for this work. Diego
has current collaboration with the University of Technology Sydney and Macquerie University, Australia. Diego is
the Chief Engineer for his university’s scuderia: Tec Racing and has experience in C, MATLAB/Simulink,
SolidWorks and CarSim. His research interests are systems modeling and simulation, vehicle dynamics, digital twins,
and motorsports engineering.

KLRH. Karen L. Rodriguez-Hernandez is a student at Tecnologico de Monterrey (Mexico) pursuing a Bachelor of
Robotics and Digital Systems Engineering. She completed an internship at DJI at Schenzhen, China (2019). She is a
campus intern and student researcher working at Campus City Smart Mobility and [IUCRC BRAIN TEC initiatives.
She is a member of the board of the IEEE Women in Engineering club at Tecnologico de Monterrey. She has
experience in Python, C++, MATLAB, and R. Her interests are robotics, computer vision and machine learning.

JFPQ. José F. Pachego-Quintana received his Bachelor in Mechatronics Engineering at Tecnologico de Monterrey,
with a concentration in Intelligent Systems (2021). In 2019 he worked as an intern at Analitica Digital Avanzada, in
which he developed software, with Machine and Deep Learning algorithms, for recognizing patterns in data; he also
collaborated in the debugging process of the SSPA web application. In 2020, he worked in a project, in collaboration
with the company Ternium, for the development of a computer vision system for the detection of anomalies in
industrial processes. In 2021, he was part of a team that developed a tool for data retrieval at Nemak.

SSM. Sofia Sampogna-Montemayor is a Sophomore Undergradurate Student in Computer Science at Tecnoldgico
de Monterrey, Nuevo Ledn, México.

RMM. Rubén Morales Menendez has a BsC in Chemical Eng and Systems (1984), an MsC in Chemical Eng (1986),
and an MsC in Control Eng (1992) from the Tecnologico de Monterrey, Mexico. He also has a PhD in Artificial

© IEOM Society International 2969



Proceedings of the International Conference on Industrial Engineering and Operations Management
Monterrey, Mexico, November 3-5, 2021

Intelligence (2003). His research interests include machine learning approaches for control systems, fault diagnosis
and estimation of dynamic systems, fault control of vehicle dynamics, and active learning techniques for engineering
education. He has more than 250 research products (indexed journals, international conferences, patent applications,
and books). He also has graduated 6 PhD and 25 MsC students. His scientific production was recognized by the
Mexican Research System as Level 2 since 2014. He is also a member of the Mexican Academy of Sciences since
2015 and the Mexican Engineering Academy since 2016. He has held administrative positions at the Tecnologico de
Monterrey, among these, he has been Director of the Center for Industrial Automation (2003), Research Associate
Director (2007), Academic vice-Provost (2009). He is currently the Dean of Graduate Studies at the School of
Engineering and Sciences.

RARM. Ricardo A. Ramirez Mendoza received his Ph.D. degree in Automation and Production from Grenoble
Institute of Technology, France (1997) and his MSc degree in Control from the Tec de Monterrey (1991). He has
published over 500 papers in journals, conferences, books, chapters and patents, and he has mentored over 40 graduate
students, postdocs, research engineers and research scientists who occupy leading positions in academia & industry.
His research lines include Automotive Control, Active Control, Vehicle Dynamic Control, Mechanical Vibrations,
Brain-Computer-Interface, and Biomedical Signal Analysis. Has an appointment from the National System of
Researchers level 2 of the Mexican government. Currently, he is Dean of Research and Graduate Studies at the School
of Engineering and Sciences and Professor of Mechatronics & Mechanical Engineering in Tecnologico de Monterrey.

MARM. Mauricio A. Ramirez Moreno received his Bachellor in Mechatronics Engineering in 2010, and his MS
and PhD in Biomedical Engineering in 2015 and 2019 in Cinvestav Monterrey (Mexico) respectively. In 2019, he
started teaching university level courses in the Biomedical and Mechatronics Engineering Programs in the School of
Engineering and Sciences at Tecnologico de Monterrey (Mexico). He also became enrolled in collaborative research
activities with students and professors. His main research interests include Brain-Computer Interfaces,
neuroengineering, robotics, biomechanics, smart cities and machine learning; and has published five journal papers,
three conference papers, and one book chapter in the fields of smart cities and neuroengineering. Since the summer of
2020 he is a postdoctoral researcher, and the Program Manager of Campus City Smart Mobility and the [TUCRC
BRAIN TEC initiatives; where coordinates research projects with academic and industrial partners.

JJLS. Jorge de-J. Lozoya-Santos received a BE in Electronic Engineering in Instituto Tecnologico de la Laguna,
Torredn, México (2000), a Master Science in Automation (2005) and PhD Degree in Mechatronics and Advances
Materials (2013) from the Instituto Tecnoldégico y de Estudios Superiores de Monterrey, Campus Monterrey,
Monterrey, México with research stays in GIPSA-Lab, INPG, Grenoble, France. Jorge has current collaborations with
Politecnico di Milano, Italy; Institute Polytechnique de Grenoble, France; Universita degli Studi di Modena and
Reggio Emilia, Italia among others. He is a member of the National System of Researchers in Mexico Category 1. He
is part of the national network of reviewers of CONACYT projects. Besides, He is reviewer of international journal
articles. He has more than 25 international conferences, 10 indexed journals and 4 patent application. His research
interests are intelligent transportation systems, modeling and control of systems, applied automatic control and
automotive systems. He has experience in industry as process engineer and automation leader, and in academy as
Professor and Director of Scientific Research. Dr. Lozoya Santos is Research Professor in Tecnologico de Monterrey,
School of Engineering and Sciences.

BLPH. Blas L. Pérez Henriquez holds a Masters and a Ph.D. in Public Policy from UC Berkeley, a law degree from
the National Autonomous University of Mexico (UNAM), a diploma in Public Policy from the Autonomous
Technological Institute of Mexico (ITAM), and a certificate in Compared Environmental US — EU Law & Policy from
Indiana University, Leiden & Rotterdam Universities. Pérez Henriquez is a Senior Research Scholar at the Precourt
Institute for Energy at Stanford University and leads the Stanford | Mexico Clean Economy 2050 program. He founded
and serves as Director of the California-Global Energy, Water & Infrastructure Innovation Initiative at Stanford
University, sponsored by the Precourt Institute for Energy and the Bill Lane Center for the American West, and
focusing on regional low-carbon development opportunities. His research and teaching focuses on advancing
innovative technological, business, policy, and social solutions for a new clean economy and a carbon neutral future.
He is author of 15 research products, including books, book chapters, technical reports and journal papers. He is also
a Distinguished Visiting Professor at the School of Engineering and Sciences of Tecnologico de Monterrey.

© IEOM Society International 2970



	1. Introduction
	1.1 Objectives
	2. Literature Review
	3. Methods
	4. Data Collection
	5. Results and Discussion
	5.1 Numerical Results
	5.2 Graphical Results
	5.3 Proposed Improvements
	5.4 Validation
	6. Conclusion
	References



