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Abstract: During the pandemic context, there has been a massive migration towards new forms of hybrid
and online teaching, and education has faced new and substantial challenges. With the proliferation of new
communication technologies, the issue of maintaining an educational dialogue among the members of the
three major generations involved in the educational process - namely, Generation X, Generation Y, and
Generation Z - while keeping them up to date with all the new discoveries, has emerged. Identifying
communication methods across these generations and the ability to convey and evaluate their knowledge
have become subjects of research. Our research focuses on establishing a correlation between accepted,
preferred, and used learning methods and the current generations engaged in the educational process, with
the challenge of creating a viable model. In this regard, we intend to leverage artificial intelligence and
the capacity of neural networks to develop a predictive system capable of determining and suggesting

personalized learning methods for each student.
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1. INTRODUCTION

The period corresponding to the pandemic
caused by the "COVID-19" virus has brought
about significant changes within the global
educational system. The implications of this
phenomenon are complex, as it has influenced
both the teaching and learning methods and the
physical and mental health of participants in this
process, including students and teachers.
Furthermore, it has exacerbated existing
educational inequalities [1].

Due to isolation and school closures, the
transition to online education has been
accelerated, leading to an implicit need for
adaptation by teachers, students, and tutors to
new teaching and learning methods. In some
cases, this transition has had a negative impact,
given the lack of preparation, limited access to
the internet, as well as the absence of necessary
equipment and technological means that have
become a necessity. The pandemic has also
prompted a reevaluation of how education
should be implemented; in some cases, elements

of online education have been seen as beneficial,
such as flexibility and the opportunity to learn at
one's own pace. In this regard, the pandemic can
be viewed as a catalyst for educational
transformation and development [2].

Educational inequalities have also been
exacerbated by this pandemic. Students from
disadvantaged backgrounds often had limited
access to the resources necessary for distance
learning, such as digital tools, technologies, and
internet access. This issue has led to an increase
in the educational gap between students from
privileged backgrounds and those from
disadvantaged backgrounds [3].

The global crisis generated by the COVID-19
pandemic has significantly impacted the mental
health of both students and teachers. School
closures and the transition to remote education
have increased anxiety and stress levels [4].

The pandemic caused by the COVID-19 virus
has compelled several educational institutions to
adopt online or even hybrid teaching methods.
Rushing into distance learning is not equivalent
to well-planned and effectively implemented
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online courses. Communication can be hindered
by the lack of planning and adequate resources
[5].

To mitigate these problems, some
educational institutions, communities, and
governments have implemented a series of
progressive  measures. These  include
distributing digital devices and facilitating
internet  services for  students  from
disadvantaged backgrounds, providing online
mental health services, and developing hybrid
instructional strategies to adapt to various
learning scenarios [6].

During the pandemic period, communication
through digital platforms and applications has
become exceptionally important, even crucial. It
has been observed that using interactive digital
tools can enhance participant engagement (in
this case, students) and consequently improve
communication effectiveness [7].

Furthermore, developments in technology
and artificial intelligence open new directions
for communication between students and
teachers. Adaptive learning technology,
powered by Al, can effectively contribute to
customizing communication means, the
communication process itself, and the
requirements needed to fulfill individual
participants' needs in this process [8].

Effective communication also involves
addressing social and emotional aspects, not just
the transmission of knowledge. Therefore, the
development of socio-emotional skills can
enhance communication and relationships in the
classroom. In this context, nuanced
communication formed between students and
teachers is influenced by various factors,
including online and hybrid instruction,
communication  applications, technological
tools, artificial intelligence in education, social
and emotional education. These factors can
significantly —impact the efficiency of
communication in modern education [9].

Additionally, personalized learning has been
discussed, implying that  personalized
communication can enhance and streamline the
educational  system when focused on
interventions based on a growth mindset that can
improve academic achievements [10].

In this regard, because certain aspects of
mental health can influence communication and

furthermore, academic stress can entail a general
negative impact on the mental health of students
and thus directly on their ability to communicate
with teachers effectively [11], it is imperative
that the approach to cultural diversity and
inclusion can have a significant impact on
effective communication. A potential response
is provided by culturally responsive teaching,
which represents a valid and potent approach
with the capacity to enhance students' academic
achievements [12].

The traditional standardized assessment of
communication between teachers and students
has often proven ineffective during this
transitional period. This is because classic
standardized evaluations frequently fail to
reflect students' true understanding and
competencies, leading to communication that is
largely inefficient in addressing students'
progress and needs [13].

On the other hand, personalized and
differentiated  assessment is  becoming
increasingly important in education today. It has
been observed that teaching and learning
systems geared toward personalized models can
aid in improving academic achievements by
continuously adapting the educational system to
individual student needs and societal demands
[14].

In this context, project-based learning has
been explored, offering real opportunities for
active engagement, and demonstrating its
effectiveness in online environments. The
benefits of project-based learning have been
discussed and analyzed, with the hypothesis of
increased student involvement and the potential
to test and apply knowledge in real-world
contexts [15].

In the case of project-based learning, the
cooperative and active approach gains
appreciation from both teachers and students.
This represents a system in which certain
students collaborate to achieve common goals,
yielding several benefits, including improved
subject understanding and the promotion of
social skills for participants [16].

Moreover, placing the student at the center of
the future educational process has proven highly
effective. Student-centered learning has become
essential for fostering creative and critical
competencies [17]. Furthermore, due to the rapid



development of technology, the idea of using
predictive systems with the aid of artificial
intelligence has been proposed, specifically
through the involvement of neural networks.
Neural networks are known for their ability to
recognize and learn patterns from datasets. Thus,
when presented with a dataset describing human
behaviors in various situations, a neural network
can be trained on this data to make predictions
about similar situations in the future [18].

2. INFORMATION

Neural networks are comprised of flexible
and powerful mathematical models, developed
using artificial neurons that possess the ability to
extract, process, and represent information from
specific data. They are integrated into various
processes such as natural language processing,
object recognition, automatic translation,
robotics, applications, games, and many more
[19].

The outputs generated by neural networks are
directly proportional to the accuracy of the input
data and the trained models used in this process.
The input dataset serves as a foundational
establishment from which these networks
extrapolate information. They then proceed to
learn and internalize these patterns, classify
them, and eventually take decisive or predictive
actions on new emerging patterns [20].

An application that utilizes neural network
systems is ‘“Neuroshell”, which stands as a
viable option due to its user interface and
computational power. It can run on typical
computer models using specific indicators [21]
that later form the basis of a computational
problem. The neural network then generates
tests based on learning algorithms [22], employs
the obtained data to train a model, learns to
identify patterns and relationships within the
training data [23]. After the respective model has
passed the wvalidation stage, it ultimately
proposes predictors that form the basis for
creating certain scenarios [24].

Precisely due to these considerations, we
have chosen the “Neuroshell” application
because we’ve aimed for a user-friendly
application with considerable computational
power. This choice aims to synthesize and train
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the involved data to establish a correlation
between the accepted, preferred, and used
learning styles (classic/reading-writing,
auditory, visual, and kinesthetic) and the current
generations in the educational process, namely
Generation X, Generation Y, and Generation Z.

In the educational domain, perceiving and
understanding the differences among individuals
in learning approaches has become increasingly
important.

People assimilate information in various
ways, and adapting methods to individuals'
cognitive styles and preferences is a necessity
for effective learning. Recently, research has
focused on four types of learning:
classic/reading-writing, auditory, visual, and
kinesthetic.

The classic learning system, based on writing
and reading, has been a central pillar of
education for a long period. Individuals who
adopt this learning style use written materials,
notes, books, and all forms of written content to
assimilate information. A recent study has
shown  that students who employ
reading/writing-based learning and assimilation
strategies can enhance their analysis and
synthesis abilities [25].

On the other hand, auditory-based learning

involves processing information from the
external  environment through  hearing.
Individuals who wuse this mode retain

information presented orally, such as lectures
and verbal explanations. According to research
conducted among students, those who
participated in study groups and interactive
discussions  achieved better results in
understanding and assimilating content [26].

A completely different way of assimilation is
represented by visual learning, which involves
using visual elements to retain and understand
information.

Diagrams, charts, and other visual
representations can facilitate the understanding
of complex concepts. In this sense, students who
have used illustrations and images to learn and
assimilate have demonstrated a deep
understanding of the subjects they have
enhanced in this way [27].

Another mode of assimilation is constituted
by kinesthetic learning, which is based on
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dynamics, movement, and physical involvement
in the learning process. Students who learn
through this mode prefer demonstrations,
experiments, and practical activities. According
to research, integrating certain hands-on
activities into the education process can enhance
students’ motivation and understanding [28].

Furthermore, in recent times, emphasis has
been placed on integrated approaches, which
have become increasingly popular and valued.
By combining elements from various learning
styles, trainers and educators can develop
complex and balanced learning environments.
This approach involves adopting a multitude of
educational strategies that can maximize
efficiency in the learning process [29].

In a kind of conclusion, the classic/reading-
writing, visual, auditory, and kinesthetic
learning types represent a valuable beginning for
understanding the cognitive diversity of
individuals. In this sense, recent research has
highlighted the need for adopting an integrated
and flexible approach that considers individual
preferences and provides a diverse range of
learning modalities.

3. METHODOLOGY

To obtain the data, a test with 40 questions
was administered to a group of 142 respondents,

which was then input as data into the
“Neuroshell” application. The "Beginner's
Neural Network" module was chosen for

parameter use because it allows the construction,
adaptation, and execution of a complete and
powerful neural network. This module was
preferred due to its error backpropagation
system, established on three levels of control,
and a simplified universal architecture with
optimal generalization capabilities for a variety
of problems.

As the “Neuroshell” application operates in a
modular fashion, meaning that after an icon is
activated and executed, the program allows
access to the next stage, the completion of all
steps was pursued so that the algorithm is
realized according to optimal parameters.
During the processing stage, input variables
were defined, and corresponding output
variables were assigned. In the program,
columns in the data table were labeled as either

A or I, where I denoted any input variable and A
denoted output variables [30].

Additionally, minimum and maximum values
were established for each selected variable to be
part of this process. These were set in a range
from -1 to 1 or from O to 1, so that the network
could recognize and interpret values within these
intervals. After selecting the "Compute
mins/maxes" option, minimum and maximum
values, as well as average values and standard
deviations for each variable, were automatically
calculated. The minimum and maximum values
closely approximate the real values, allowing the
program to establish an acceptability and
prediction margin for future inputs and
applications. This is because if these values
differ significantly from the real values, the
network might lose its ability to recognize small
differences between the data of interest [31].

In the case of the proposed model, it is
important to use a structured method with
multiple levels of intensity that are encompassed
between a minimum and a maximum, to update
the neural network to optimal parameters, which
will define a fully updated structural model [32].

In this manner, the network can have a
margin within which to establish relationships
between the involved data and formulate
hypotheses, thereby enabling the understanding
of complex phenomena. Within the established
boundaries, machine learning algorithms
analyze data and propose new models without
becoming confined to specific theories or pre-
existing knowledge, resulting in increased
efficiency for creating new data-driven models
and even surpassing cognitive limits that were

once associated with  experience-based
production.

If operational limits have been set
appropriately, machine learning algorithms

possess the ability to learn and adapt to new data
without requiring explicit reprogramming by the
user. This fact allows machine learning
algorithms to evolve and adjust to an ever-
changing environment, refining their previous
knowledge and forming a new cognitive
ecosystem. Therefore, automated learning
algorithms can genuinely assist in making
decisions, identifying necessary patterns, and
formulating predictions through the analysis of
the involved data [33].



The  achieved data underwent an
anonymization process by transforming name
and surname variables into numerical indices,
after which they were input into the application,
and the computation of these actions is depicted
in Figure 1.

Within the established working module, the
network parameters were preset using its own
algorithm for optimal operation and high
performance, considering the learning rate,
network inertia, as well as the number of hidden
neurons, in such a way that it runs according to
the implementation and training requirements
demanded by such a project and based on the
involved indices, as can be observed in Figure 2.

The next step consisted of training the
network, an action undertaken in the "Learning"
module, where inputs and outputs were
automatically inserted to complete the system
created. In this stage, the parameters
corresponding to this module were set as
follows:

a) The complexity of the problem was
revealed by selecting the appropriate
level for the problem executed within the
program. Due to a reduced number of
variables, the "Very Simple" option was
chosen, directly proportional to the
complexity level within the network. For
this option, other factors were
automatically determined by the
program, such as the "Learning Rate,"
signifying the rate of learning, as well as
"Momentum," defined by inertia, with
preset values of 0.6 and 0.9, respectively.

b) The number of hidden neurons is a value
adjustable both automatically and
manually. In the case of this application,
a total of 17 neurons were allocated
through automatic setting.

¢) Itis considered important for the
network to possess predictive capacity
regardless of any class differences
among the introduced or forthcoming
elements. To achieve this, a random
compilation was chosen.

d) The calibration interval for the training
session was set to 0, which is a neutral
starting value.
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All these settings and options can be observed
in Figure 2 where the chosen method for training
this network is displayed. After establishing and
selecting this mode of operation, the network
was then trained, as presented in Figure 3.
During network training, the goal was to run
enough epochs to allow the network to form and
for the error to be minimized, ensuring that the
formed network achieves enhanced efficiency,
and its predictions are based on a larger number
of executed epochs. In this context, after
following these steps, it can be determined
whether the network exhibits maximum
performance or not, based on all its specific
elements.

The network was stopped manually by a user-
defined command after 102,922 epochs, with the
minimum error of 0.0000279 sustained for 3,905
epochs, as beyond this point, the neural network
ceased to make progress.
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Fig. 1. Definition of Inputs and Outputs.
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Fig. 2. Neural Network Parameter Setup.
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Fig. 3. Neural Network Training Module
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Fig. 4 The Processing Module of the Network.

Following the automated processing of the
data in the "Apply Neural Network" module, it
can be observed that, upon executing the
operations associated with this module through
the "Start Processing" function, the network is
well-structured and efficient.

In Figure 4, the Processing Module of the
network is presented. After processing the test
within this module, the "R Squared" indicator is
noted as 0.9972, expressing the network's
efficiency. "R Squared" is a statistical indicator
used in cases of multiple regression analysis.

It compares the accuracy and efficiency of the
created model with a standard model, where a
perfect result is 1, and a good result is situated
around that value.

The data's evolution can be observed within
the program by attaching the original input file
alongside the file containing the network's
response. These can be comparatively analyzed
within this program module.

This comparative mode is frequently used in
similar applications as it allows the analysis of
the evolution of a tracked process, which
represents an important element in any such
research.

This approach was chosen for this type of
analysis. Moreover, this method facilitates
easier extrapolation of the research-tracked data,
making them more readily applicable for various
other tests or exercises aimed at validating the
new network.

Simultaneously, visual analysis becomes
much more manageable for such a dataset,
particularly when minor differences need to be
identified, which can still lead to a significant
impact on the efficiency of the network thus
created.

In Figure 5, Comparative Analysis of Data
Evolution, it can be observed that the difference
between the first column, which contains values
assigned to the variables on which the network
has been set to make predictions, and the second
column containing values for the variables
predicted by the network, is represented in the
third column.

The smaller the differences between these
two columns, the better the network is training,
which is also evident in our proposed model.
Based on the obtained data, a set of 14 potential
preferred learning and teaching styles has been
established.

These styles are derived from the four basic
styles: classic, auditory, visual, and kinesthetic.
This set of 14 possibilities is illustrated in Fig. 6
Preferred Learning Styles.
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Fig. 6. Preferred Learning Styles.
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In Figure 6 Preferred Learning Styles, the last
column displays the model of possible and
accepted learning styles synthesized from all
four types of learning and the analysis of the
preferred and accepted ones among them. In this
regard, 14 patterns can be distinguished, namely:

1.

2.

The auditory style along with the
visual and kinesthetic styles;

The auditory style along with the
kinesthetic style;

The auditory style along with the
visual style;

The classic style along with the visual
and kinesthetic styles;

The classic style along with the

The classic style along with the
auditory and kinesthetic styles;

The classic style along with the
auditory, visual, and kinesthetic styles;
The classic style along with the

The classic style along with the visual

The visual style along with the

5.

auditory style;
6.
7.
8.

kinesthetic style;
0.

style;
10.

kinesthetic style.
11. The classic style;
12.

The auditory style;
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13. The visual style;
14. The kinesthetic style.

These styles represent an option as well as a
preference for learning types. However, for each
of these, we aim to develop a series of materials
and course models that align with the current
requirements in the field of education in future
work.

4. CONCLUSION

The model we propose comes to the aid of the
delicate situation triggered in education due to
the pandemic context and the attempt to
transition into the online environment, even
though at present, traditional in-person classes
are still being supported, alongside online and
hybrid ones.

Furthermore, our aim was to develop a model
that captures the reality of the current
educational system, where three generations,
namely X, Y, and Z, coexist, each having
specific learning and assimilation preferences. It
is crucial to establish a connection on both an
ideological and practical level among these
generations, leveraging the technological and
informational explosion of our times.

In conclusion, we assert the necessity of an
interactive predictive system that fosters
education and continuous development. In this
regard, we have proposed the creation of an
intuitive and practical system for selecting and
assigning the best-accepted and preferred
learning model. To achieve this, we have
involved neural networks in this endeavor, as
they can provide a balanced and meticulous
response.

Our proposal represents a challenge due to
the technological impact on the socio-human
aspect, leading to an interdisciplinary approach.
Peeling back the layers of this concept, we find
a rich seam of potential that stretches far beyond
the classroom walls. Imagine an educational
system that's not just about pouring information
into passive vessels but about nurturing
individual talents and predicting where each
student might shine brightest. It's about creating
a learning journey that's as unique as the
individual embarking on it. Teachers would
have a roadmap, informed by data, to guide each

student, helping them overcome obstacles and
reach their destination with confidence.

Our proposal is about recognizing the fact
that all the strength of a company lies not only in
the operating machines machines but also in the
people who clearly run them.

By applying this predictive model, we can
tailor exactly training programs to fit with the
workforce, and not the other way around and this
isn't just about improving the efficiency; it is
about empowering the employees and giving
them the knowledge and the tools they need to
innovate and grow.

In this way, our concept develops bridges
between industry and education, proving that the
learning process is not only a destination but the
journey itself that continues, from every
classroom to the heart and brain of the economy.
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Metode si tehnici de eficientizare a sistemuluii educational prin folosirea retelelor neuronale

Prin contextul pandemic, s-a migrat masiv cétre noile tipuri de predare mixta si online iar educatia s-a vazut in fata unor
provocdri noi de mare anvergurd. Odatd cu sporirea noilor tehnologii de comunicare, a aparut problema mentinerii
dialogului educational dintre membrii celor trei mari generatii implicate in procesul educational, si anume membrii
generatiei X, ai generatiei Y si ai generatiei Z, la curent cu toate noile descoperiri. Identificarea metodelor de comunicare
dintre aceste generatii si abilitatea de a transmite si evalua cunostintele acestora au devenit subiecte de cercetare.
Cercetarea noastrd se focuseaza asupra determindrii unei corelatii dintre tipurile de Invatare acceptate, preferate si folosite
si generatiile actuale aflate in procesul educational iar provocarea consti in stabilirea unui model viabil. in acest sens, ne
propunem sa folosim inteligenta artificiald si capacitatea retelelor neuronale pentru realizarea unui sistem predictiv
capabil sa determine si sd@ propuna metodele de Invatare proprii fiecarui student.
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