Revista EIA, ISSN 1794-1237 / Afio XII / Volumen 12 / Edicion N.23 / Enero-junio 2015 / pp. 129-136
Publicacion semestral de caracter técnico-cientifico / Escuela de Ingenieria de Antioquia —EIA—, Envigado (Colombia)
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ABSTRACT

Thiswork proposes and demonstrates that mind reading is currently possible in terms of characterizing someone’s
brain responses to a specific action. For this work some responses named cognitive neuroscience variables are used. In
other words, this work is framed in the learning field, and solves effectively one issue: personalizing content through the
identification of an individual’s learning style in virtual education.
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IMAGIMATICA CEREBRAL COMO FUENTE DE DATOS PARA LA
PERFILACION DE APRENDICES EN EDUCACION VIRTUAL

RESUMEN

Este trabajo propone y demuestra que la lectura del cerebro es posible en la actualidad en cuanto a la caracteri-
zacion de las respuestas de éste expuesto a una accion especifica. Para este trabajo algunas variables mencionadas de
neurociencia cognitivas se utilizan. En otras palabras, este trabajo se enmarca en el campo del aprendizaje, y resuelve
con eficacia un problema: la personalizacién de contenidos en la educacion virtual a través de la identificacion del estilo
de aprendizaje de un individuo.

PALABRAS CLAVE: aprendizaje; perfilacion; variable de neurociencia cognitiva; estilo de aprendizaje; inteligencia

artificial.
IMAGIMATICA CEREBRAL COMO FONTE DE DADOS PARA
CARACTERIZACAO DE APRENDIZES NO ENSINO VIRTUAL
RESUMO

Este artigo propde e demonstra que a leitura do cérebro é possivel na atualidade a respeito da caracterizagdo das
respostas deste exposto a uma agdo especifica. Para este trabalho algumas variadveis mencionadas de neurociéncia cog-
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nitiva sdo usadas. Em outras palavras, este trabalho faz parte do dominio da aprendizagem e, efetivamente, resolve um

problema: a personalizacdo de contetidos em educacdo virtual, identificando o estilo de aprendizagem de um individuo.

PALAVRAS-CHAVE: Aprendizagem, perfilhacdo; Variavel da neurociéncia cognitiva; estilo de aprendizagem.

1. INTRODUCTION

Education must respond to individualize stu-
dents. It must take into account the particular way an
individual learns and thus deliver learning material
that best fits their learning needs. Although the in-
dividualization of education offers many advantages;
the educational model in a classroom does not allow
conducting such individual characterization because
of the number of individuals that a teacher must attend.

Brain imaging is an extensive researched field
especially in neuroscience. There have been developed
many imaging methods depending on a specific pur-
posed. EEG (Electroencephalogram) is currently in
reach, this paper is going to show the reader how some
reactions to exposed phenomena can be tracked and
characterized. Brainwaves, especially those in the Beta
brainwave band (15Hz to 30Hz), allow researchers to
account emotions and use them for different proposes
like the one being developed in this work: Learner Pro-
filing. An experiment was conducted with real students
and results are explained within the Overall Results of
the proposed mechanism section.

This paper is structured in four main sections
as follows: The first section provides an introduction
on how learning process is represented. Subsequent
section summarizes basic elements of interaction be-
tween learners and computers that allows us to think
of different stimuli involved in this action. Then results
and discussion sections define the process and consid-
erations to take into account for imaging and scoring the
neuroscience variables chosen. It explains how learning
style and material classification are combined to profile
a learner based on an emotion or action that affects
the brain; and experimental results are presented to
show effectiveness of the proposed mechanism. Finally,
conclusions are outlined showing the advantages and
challenges of profiling learners.

2. MATERIALS AND METHODS

2.1. Learning Process Representation

According to the definition of cognitive psychol-
ogy it is suggested that information processing in an
individual (Riviére, 1987). concerns the explanation of

Figure 1. Information processing as scientific research program (Pozos, 1994)
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behavior to mental entities, states, processes and provi-
sions of mental nature. Most authors of modern psychol-
ogy agree that the action of a subject is determined by
their performances. According to Lachman, Butterfield,
(1979), information processing in anindividual is more
restrictive and only consider a relatively basic symbolic
operations such as encoding, compare, locate, store, etc.
These operations can account for human intelligence
and the ability to create knowledge.

As illustrated in Figure 1 the fundamental as-
sumption of information processingin an individual can
be more easily understood by decomposing itinto more
simple new events (Palmer y Kimchi, 1986).

From this feature it can be concluded that both
the human and computer are conceived as logical sys-
tems that process information and are constituted by

formal procedures.

2.2. Concept Formation in Computer Mediated

Learning

Having the need to build and upload content to a
managementlearning systemraises the requirementto
provide the ability for content acquisition. This research
is focused on the characterization of such content
according to theories and parameters. They provide
the information processing general principles when
an individual learns through measurable variables of
cognitive neuroscience straight from the source, the

human brain.

Figure 2 shows two types of mediators: the
tools which act directly on stimuli, modifying them;
and signs which change the subject itself and through
this to stimuli. According to Vygotsky true concepts
are acquired through training and they have three
characteristics in their acquisition:

¢ True concepts are part of a system.

e They are acquired through consciousness of
their own mental activity.

e [tinvolves a special relationship with the object
based on the internalization of the concept essence.

Figure 2. Activity cycle according to Vygotsky (1989)
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The first two features are related to concepts
acquisition. They are key for achieving the third. It can
be distinguished two important variables or emotions
subject to be measured by exposure to stimuli: con-
scious commitment (engagement), a special relationship
with a learning object (excitement).

2.3 Tracking Emotions

Many researches such as brain injury and neuro-
imaging have shown thatall animals, including humans
exhibit strong instinctive responses to stimuli of change
(Darwin, 1998). The responses of the brain have been
studied extensively by neuroimaging; these responses
are processed and largely mediated by the amygdalae,
subcortical structures with connections to both early
sensory processing and autonomic reflex centers.

Verbal and non-verbal cues have been widely
used to detect human emotion. Vocal tract formation
(Waaramaa, et al.,, 2010) the change in the tone of
speech and behavioral speech production process (e.g
duration, pause) are some of the features that have
been used to detect the humans emotion from auditory
signals. Facial expressions can also be used to detect
emotional states. Position or displacement of specific
points and regions of the face are used to find a corre-
lation between emotion and facial expression (Pantic,
Rothkrantz, 2000). It should be noted that using facial
expression is limited to face-to-face interaction and may
not always be detectable. Most recent works interpret
anxiety from physiological signals such as heart rate,
peripheral temperature, and skin conductivity for
emotion detection (Takahashi, 2004). However, the
main challenge in emotion detection arises from the
fact that emotion is an internal state that may not be
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reflected through behavior. Therefore, facial expression
and speech do not always coincide with internal mood.

Agoodidea forthisis using electroencephalograph-
ic (EEG) signals for detecting human emotions. Frontal
lobe activity which is characterized in terms of decreased
power in certain frequency bands has been consistently
found to be associated with emotional states (Coan, Allen,
2004). The best known correlates of emotionality found
with EEG involve prefrontal asymmetry, thatis, a positive
affectisassociated with greater activity in the left prefron-
tal region than in the right side, and negative affect with
the reverse. Brain activity signals have been also used
to detect the level of emotion during seeing emotionally-
charged scenes. Zhangand Lee (2009) used a combination
of functional magnetic resonance imaging (fMRI) and
EEG signals to analyze and classify the emotional states
stimulated by a natural scene. Schaa and Schultz (2009)
used single EEG signals recording to classify human emo-
tion induced by emotional pictures into three categories
of pleasant, natural and unpleasant and reported and
average recognition rate of 47%. Frantzidis, et al,, (2010)
used multichannel EEG evoked by pleasantand unpleasant
stimulus to classify human’s emotion. Using Mahalanobis
(MHV) distance-based classifier and support vector ma-
chines (SVMs), they could achieve overall classification
rates of 79.5% and 81.3% in the discrimination of pleasant
and unpleasant emotions.

The goal of this research is to use a functional
MRI (fMRI) to determine how cognitive evaluation of
emotional stimuli, especially those involving learning
such as engagement and excitement, affects neural ac-
tivity in the amygdalae and to examine the dynamics of
the neural structures and systems involved.

The difference in the response to stimuli reflects
sensitivity to the emotional stimuli. It can be argued
that the response and the stimuli matched and their
correlation reflects a functional specificity and cortical
modulation can be measured (Hariri, et al., 1999). Re-
centresearch has also demonstrated that some degree
of emotionality may also be inferred by neurologic re-
sponse as measured by electroencephalogram (Khalili,
Moradi, 2009). Output from electroencephalograph
(EEG) has been used to classify emotional state into dis-
tinct categories. These studies use Artificial Intelligence
(AI) learning techniques to classify affective state into
a small number of categories with moderate success.

3. RESULTS AND DISCUSSION

The experiment was designed into four differ-
ent steps as follows: first how to record and update
brain imaging information; then which emotions can
be tracked and how to score them; after that how to
classify differentlearning materials; finally the process
categorization of students according to their perfor-
mance with the materials provided.

3.1. Brain Imaging

Interpreting the student problem solving to produce
aprofileinvolvestaking the brain-imaging data stream and
identifying the mental states in the behavioral model.

This research has used an integration of a CBR
(Case-based Reasoning) tutoring system that teaches a
topic of a curriculum for learning mathematics with a
profiling learning system that would be use a source for
providing a personalized learning material case an then
for revising the case being used. The tutoring system has
aminimalistdesign to facilitate experimental control and
detailed data collection. Nonetheless, it has the basic com-
ponents of a cognitive tutor: instruction when new material
isintroduced, help uponrequest, and error flagging during
problem solving. We are concerned with tracking students’
mental states as they work through problems after the
initialinstructionina Learning Management System (LMS)
or virtual Learning Object (VLO).

3.2. Scoring Behavior

In general, the greater the increase in physiologi-
cal arousal the greater the output score for the detection.
Instantaneous Excitementis experienced as an awareness
or feeling of physiological arousal with a positive value. Ex-
citementis characterized by activation in the sympathetic
nervous system which results in a range of physiological
responses including pupil dilation, eye widening, sweat
gland stimulation, heartrate and muscle tension increases,
blood diversion, and digestive inhibition. The Instanta-
neous Excitement detection is tuned to provide output
scores that more accurately reflect short-term changes in
excitement over time periods as short as several seconds.

Long-Term Excitement is experienced and de-
fined in the same way as Instantaneous Excitement, but
the detection is designed and tuned to be more accurate
when measuring changes in excitement over longer time
periods, typically measured in minutes.
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Figure 3. Learning Styles Involved in Different Web Delivery Methods (Montambeau and Finch, 2013)
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Engagementis experienced as alertness and the
conscious direction of attention towards task relevant
stimuli. It is characterized by increased physiological
arousal and beta waves (a well-known type of EEG
waveform) along with attenuated alpha waves (another
type of EEG waveform).

The opposite pole of this detection is referred to
as “Boredom”; however, please note that this does not
always correspond to a subjective emotional experience
that all users describe as boredom.

3.3. Virtual Learning Materials

Learners and materials must be classified into

the followinglearning styles in order to match learners’

needs. Figure 3 displays how a specific material may
affect a specific learner’s style. One of this research’s
goals is to prove and provide how a student feels into
each one and has a more accurate source for providing
a student profile to a learning system.

Brain-imaging data come from interaction with
different materials, which are classified in 7 types
according to the graph by Elaine Montambeau (2013).

3.4 Classification Process

We used brain imaging data when interacting to
determine what material alearner feels better working
on and what level of engagement is performing within
a specific type of material. Determining what learning
style is the student at is one of this research’s segmen-
tation goals. The imaging data is used to determine
whether the material is going to be used to attend the
learner’s need. I refer to this as the diagnosis goal. These
goals were chosen because there is a hard definition
of ground truth. The computer logs of the students’
progress through these materials. Alearner wearing an
EEG headset mustbe scanned in the following points as
illustrated in Figure 4. Electrodes are placed carefully
monitoring their appropriate functioning through color
yellow and green.

To get more insight into the information carried
by each features, it can also be ranked all the features
based on the electrode location.

Figure 5 shows the classification rate of each
of three classes just by using all features of single elec-
trode. This figure suggests that using features of each
channel would help to get the maximum classification
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Figure 5. Metrics Measures Over Time
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rate, for all fourteen channels, is achievable. But for this
research purpose only the predefine engagement and
excitement variables are going to be used at the same
levels: low, medium and high.

3.5. Learner Classification Metrics

Taking advantage of the electrical currents pro-
duced by the neurons and the magnetic fields (Bennett,
Hacker, 2008), it can be measured different points that
allowed us to see how a specific emotion or action af-
fects human brain.

For this purpose two different variables were
chosen, excitement and engagement changing over
time and rating the necessary time invested to reach
learning goals as shown in Figure 6. Excitement has to
do with the pleasure felt when doing or thinking about
something we like and engagement how concentrated
and attracted we feel.

Brain activity can be mapped in a specific time or
using an average activity. Video recording of mapping
isalso made in order to see how brain areas respond to
specificactions within the materials being evaluated in
the Beta brainwave band (15-30Hz) - indicating wake-
fulness, alertness, mental engagement and conscious
processing of information (Figure 7).

3.6. Overall Results of the proposed

mechanism

The proposed mechanism was implemented on
a SCORM-compatible LMS (Moodle 1.9) material.

Figure 4. Headset Electrodes’ Positions

The brain imaging was performed using an
Emotive Neuro-headset. Moodle and MySQL server are
adopted to be the sample database. To perform this
experiment, six elementary school students were ran-
domly collected and recorded. Five different topics were
design into a VLO and uploaded to the LMS (Moodle),
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each topic was designed in a different material type (M).
The learning style of a student is determined through
interaction and the variables measured.

As can be seen in Table 1 the proposed mecha-
nism is very effective since 100 percent students
showed to score the same class where they were first
classified (Medium and High) and then improve in the
test. There’s a special case to be noticed, students 4
and 5 showed very low scores during profiling. Their
best score in materials were 0,50 and 0,55, but in the
revision (taking a test) student 4 surprisingly improve
to 0,88 and score 76 in the test; while student 6 remain
the same score, but improve surprisingly in the test.

4. CONCLUSIONS

Many researches are showing that a simple inno-
vation in our education system produces vast improve-
ments in students’ abilities to learn. It recognizes that
most students learn different subjects at varying rates.
[t notes that students should not be stigmatized by fail-
inga class. They should move from their homerooms to
each subject according to their abilities.

Students would attend the grade level in each ap-
propriate course to them. Many students learn subjects
atdifferentrates, and may even learn one subject more
rapidly while being delayed in learning another. Thus,
for instance, a fifth-grade student could be in fifth-
grade while attending fifth-grade English, fourth-grade
math and sixth-grade science. This minimizes stigma-
tizing students for not being in their proper grade level,
at least in homeroom. It avoids the problems of failing
or promoting a student in all subjects, which is what
many schools do (Czikowsky, 2013).

Classification is designed to help students de-
velop a sense of self through building confidence in
their abilities to become independent learners. It will
develop those strategies needed to communicate their
ideas and knowledge of concepts taught.

Anindependentlearneris one who hasdeveloped
aschema for learning, or who understands how a pupil
learns best. An independent learner has the ability to
access cognitive and behavior strategies that make it
easier to learn, remember, and relate what is learned.
Strategic learning improves memories, including the
ability to store and retrieve information. It increases

Video

Practice

Teach others

Topic
_

J

Figure 7. Best Match Presentation
of Proposed Solution

Reading
Best
Lecture > VLO
- match?
Discussion \_V_/

Revision

Table 1. Revision Result per Student

Revision Results
L, ~

) Engagement | Excitement LeaR;r:Lng STceosrte
Student 1 0.70 0.90 0.80 78
Student 2 0.00 0.00 0.00 0
Student 3 0.60 0.90 0.75 94
Student4 0.80 0.95 0.88 76
Student5 0.65 0.90 0.78 100
Studenté 0.65 0.70 0.68 96

student production and behavior, and heightens the
level of the child’s engagement in the learning process.
Strategic learning promotes the development of the
independent learner.

Selection and development of teaching and learn-
ing materials to achieve each classification type is re-
ally a hard work, further research will be proposed in
order to automatize material classification in the way
a specific material can be reutilize if it meets a learn-
ing purpose, alearning style and an instructional need.
Every day, learners come into contact with a vastarray
of print, visual and multimedia materials in their daily
lives. Their exposure to such materials is mediated
by parents and other caregivers, by legislation and by
social conventions. Educators also have a duty of care
to ensure that the teaching and learning materials with
which students are presented, or towards which they
are directed, are appropriate to their developmental
growth and relevant to the achievement of appropriate
learning outcomes (Marshall, 2004).
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Learner classification has been one of the issues
for delivering personalized content. By using engage-
ment and excitement cognitive neuroscience variables
this issue can be addressed and solved. Some other
techniques offer solutions, but they are easily alterable
by external phenomena.
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