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Due to its constantly developing technological background, VR and AR technology has
been gaining increasing popularity not just in industry or business but in education as well.
Research in the field of Cognitive Infocommunications (CogInfoCom) shows that using
existing digital technologies, online collaboration and cooperation technologies in 3D VR
supports cognitive processes, including the finding, processing, memorization and
recalling of information. 3D VR environments are also capable of providing users with a
much higher level of comprehension when it comes to sharing and interpreting digital
workflows. The paper presents a study carried out with the participation of 90 students.
The aim of this study is to investigate how the application of 3D VR platforms as
personalized educational environments can also increase VR learning efficiency.
Besides considering participants’ test performance, metrics such as results on visual,
auditory and reading-based learning tests for information acquisition, as well as responses
on Kolb’s learning styles questionnaires are taken into consideration. The participants’
learning styles, information acquisition habits were also observed, allowing us to create
and offer a variety of learning pathways based on a variety of content types in the 3D VR
environment. The students within the study were divided into two groups: a test group
receiving personalized training in the MaxWhere 3D VR classroom, and a control group
that studied in a general MaxWhere 3D VR space. This research applies both quantitative
and qualitative methods to report findings. The goal was to create adaptive learning
environments capable of deriving models of learners and providing personalized learning
experiences. We studied the correlation between effectiveness of the tasks and Kolb’s
learning styles. The study shows the major importance of choosing the optimal task type
regarding each Kolb learning style and personalized learning environment. The MaxWhere
3D spaces show a high potential for personalizing VR education. The non-intrusive guiding
capabilities of VR environments and of the educational content integrated in the 3D VR
spaces were very successful, because the students were able to score 20 percent higher
on the tests after studying in VR than after using traditional educational tools. Students also
performed the same tasks with 8-10 percent faster response times.
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1 INTRODUCTION

Research in the field of Cognitive Infocommunications
(CogInfoCom) show that using existing digital technologies in
3D VR supports cognitive processes, including the finding,
processing and memorization of information (Baranyi et al.,
2015; Baranyi and Csapó, 2012).

In the past few years the VR Learning Center Research Lab at
Széchenyi István University has been investigating the effects of
3D VR spaces on cognitive capabilities, based on the
methodologies of CogInfoCom, and is actively working
together with other institutions of higher education to test
new ideas within VR-based training and to disseminate
relevant results.

Our main studies have shown that:

In the area of effectiveness:
• Digital workflows can be reduced by at least 50 percent in 3D
VR spaces Lampert et al. (2018).

• Workflows can be reduced with 30 percent fewer user
operations and 80 percent fewer machine operations in 3D
VR Horváth and Sudár (2018).

• The rate of information recall is 50 percent higher Berki
(2018a).

• The MaxWhere 3D platform increases the effectiveness of
online collaborative project management software–requiring
72 percent less elementary user operations, and 80 percent less
time spent on overview-related tasks Horváth (2019d).

In the area of visual attention and memory:
• The fixation parameters of eye and handmotion are in negative
correlation with visual attention, while the distance between
the focus of visual attention and the mouse cursor’s motion are
not correlated to each other Kovari et al. (2020).

• The effectiveness of VR advertisements was higher than classic
web-based ads as demonstrated by a questionnaire based free
recall test in a 3D space Berki (2018a).

• There is no significant relationship between the effectiveness of
completing a task in MaxWhere VR and the spatial memory
(measured by the Corsi-task) and the mental rotation ability
Berki (2019).

There have been a number of positive results regarding the
capabilities of 3D VR for enhancing teaching activities (Csapó
et al., 2018; Kvasznicza, 2017; Kvasznicza et al., 2019; Kövecses-
Gõsi, 2019; Katona and Kovari, 2018; Horvath, 2016; Kuczmann
and Budai, 2019; Markopoulos et al., 2020; Botha-Ravyse et al.,
2020; Biró et al., 2017; Orosz et al., 2019) the effectiveness of new
teaching methodologies (Horváth, 2019b; Kövecses-Gõsi, 2019;
Kővári, 2019; Horváth, 2019c; Sztahó et al., 2019; Vicsi et al.,
2000, Mathability Baranyi and Gilányi, 2013; Chmielewska, 2019)
or eye-tracking studies (Hercegfi et al., 2019; Hercegfi and Köles,
2019; Hercegfi et al., 2019) as well.

Most traditional teaching techniques share information
through visual or auditory channels. At the same time, multi-
sensory educational techniques and strategies are utilized to
engage students at multiple levels (Shams and Seitz, 2008).
Using a multisensory teaching technique means that students

are capable of learning in multiple ways. The great advantage of
multisensory teaching methods is that they activate more regions
of both hemisphere so linking to more senses makes knowledge
more memorable and durable.

VR education basically applies a multisensory teaching
strategy and exploits the great advantages of 3D. It provides
visual, audiovisual and multisensory websites for students besides
text based 1st order workflows (Lampert et al., 2018; Horváth and
Sudár, 2018) to a multidirectional VR learning content. The goal
of multisensory stimulation is to decrease cognitive load.

1.1 Possibilities of Multisensory Teaching in
Maxwhere 3D VR Spaces
Our experience in the world incorporates multisensory
stimulation. Visual and auditory information are integrated in
performing many tasks that involve localizing and tracking
moving objects (Shams and Seitz, 2008). Csapo and colleagues
2012 article unfolds how to design multi-sensory signals, which
are capable of communicating high-level information to users
(Csapó et al., 2012).

VR education can utilize the simultaneous use of visual,
auditory, and indirectly (use of mouse, keyboard, touchpad,
touch screen and CogiNav technology) kinesthetic (motion-
related) channels in multisensory teaching.

3D VR technology provides interactivity by responding to
movements. Interactivity is the ability to control events in the
simulation by using ones body or several input peripheral devices
movements which in turn initiates responses in the simulation as
a result of these movements (Christou, 2010).

The content of the smart boards can be selected as desired in
the MaxWhere 3D VR spaces. Content can be static or dynamic,
and can include text, 3D models, online graphic organizers,
calendars, project management software, and more. By
highlighting and marking up words, modifying the colors of
the smartboard frames, or by changing colors from static to
blinking can provide visual support for focus of attention and
memorization (Figure 1). In this case, an involuntary action
activates the user’s attention and the visual memorization. This
activity is built up piece by piece in order to facilitate the synthesis
of the student’s learning. The videos related to the educational
topic, which have the advantage of being multisensory on the one
hand because they contain both visual and verbal elements and on
the other hand presenting information holistically rather than
analytically, as in most textbooks and teaching materials.

The 3D objects give students a chance to becomemore visually
immersed and engaged in educational content. 3D objects can be
walked around, you can also look inside the object with a
movement that is not possible in reality. Disassembled,
stackable 3D objects also provide a kinesthetic effect. The
reception and retention of information gained by vision may
be affected by difficulties in tracking or visual processing. It is
important to distinguish between textual and pictorial
information. For most users, processing the information they
read represents a greater cognitive strain. On the other hand,
there are those for whom texts are is a more explicit source of
information.
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InMaxWhere spaces, auditive information can also be a source of
information. Its exclusive use is not typical, as VR spaces addmore to
the user’s work or learning process with a 3D visual experience. As
part of multisensory training, VR also provides auditory
information. Sometimes, the subject’s auditory processing may be
more stressful. Considering students ‘information acquisition
preferences and using multiple senses together can provide a
solution to individual problems.

The feeling of natural movement in VR space is provided by
MaxWhere 3D VR cognitive navigation (CogiNav) technology. The
CogiNav technology operates by taking into consideration the context
of the camera (or more generally, the avatar) and the object that it is
looking at, using those two pieces of information to deduce the
intentions of the user, and finally mapping those intentions onto the
limited degrees of freedom of the input device and the characteristics
of the camera movements. Thus, although the input dimensions of
the input device are limited, their function changes through context in
a way that fits naturally with users’ expectations from the physical
world. The seamless controls for spatial navigation allows it to be used
as a communication tool built primarily on 3D interactions and 3D
metaphors. Spatial awareness helps to connect visual, auditory, and
movement memories to a place, piece of equipment, environment,
and involves the delivery of an accurate workflow.

The user’s having to expend less effort means that the user feels
less disturbed in his or her primary activities while still being able to
perceive new information that he or she may find useful. More
specifically, in a 3D space with smartboards all along the walls of the
environment, users will recognize key changes in the contents of
those smartboards even when they are not actively looking at them.
A previous study showed, that users could benefit more from the
supplementary information in the desktop VR than in a 2D browser
if it appeared in their visual field Berki (2018b).

1.2 Concept of Personalization in VR
Education
In addition to cognitive factors (Vogel and Esposito, 2020), it is
important to consider that people are complex individuals

with different personality types, learning preferences,
aptitudes and attitudes toward learning. Each student has
different and consistent preferred ways of perception,
organization and retention. Some people tend to pick up
information better when it is presented verbally, others
when it is presented visually and still others prefer reading.
These learning styles are good indicators of how students
respond to their learning environment.

There are many theories - some of them are really critically
for learning styles (Pashler et al., 2008; Coffield et al., 2004)- a
move to an active experiential based education explicitly
acknowledging different learning styles - has been called
transformational learning de Jesus et al. (2006) has been
promoted as a more effective alternative to traditional
pedagogy (Jacoby, 1996).

Coffield et al. (2004) identified more than 70 learning style
models (Coffield et al., 2004). The most influential learning style
model is Kolb’s model (Kayes et al., 2005; Kayes, 2005). An appeal
of Kolb’s Experiential Learning Model is its focus on the
experiential learning process rather than on fixed learning
traits (Turesky and Gallagher, 2011).

However, while there are many theories, little empirical evidence
exists for linking such learning styles to 3D VR education.

Students’ learning styles never show a unified picture, so if we
teach with only one channel, it favors some students while not
others. A learning style is also built on the three main channels,
which describes the form in which the student can most
effectively process the curriculum. Although we are able to
receive information through all three channels, the use of a
dominant channel and a dominant learning style provides the
best results.

In 3D VR learning the kind of analytical thinking and step-
by-step information processing representative of earlier times
in 2D e-Learning is being replaced by a more comprehensive
spatial-visual kind of information processing. It is necessary to
select the most effective technology and methodology to
support education. However, it is important to realize that
learning is not just about memorizing facts, it is also about

FIGURE 1 | Visual supported smartboards in MaxWhere 3D VR.
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learning styles and skills. VR learning activates all learning
skills at once.

If we want to personalize VR education, we must pay attention
to personalizing the VR learning environment and learning
content as well, so learners can choose to engage with the
learning materials in the manner that interests them the most.
MaxWhere 3D VR platform (www.maxwhere.com) has several
opportunity to personalizing the education:

1.2.1 Easily Customizable VR Learning Environment
• Providing personal check-in. All students can make the
course “personal” in MaxWhere’s learning spaces. They
can capture their name as part of the registration
process. Moreover, they can find their own name on
the control panel without personal login if the lecturers
create personalized educational projects for students
(Figure 2). Personalize the learner helps the learning
motivation, mainly when we use the name throughout
the course.

• The developed Smartboard Sharing technology connecting
to 3D VR spaces, which enables users to create personalized

learning spaces by scaling, moving, turning on and off the
boards. (Figure 3).

Personalizing learning sequences. Creating “nonlinear”
content - Digital Workflows of the 4th order Lampert et al.
(2018); Horváth and Sudár (2018) - in 3D VR allows learners to
pick and choose how they will learn. Students can optimize their
learning path and make personalized story in 3D VR. To
implement personalization to suit students ’learning styles and
preferences, the research presented in the next chapter was
conducted.

This study looks to address this issue, considering not only
test performance - visual, auditory and reading-based learning
test and Kolb’s learning styles questionnaire - but also other
outcomes of using VR for personalized learning. This paper
emphasizes that cooperation of humans in virtual spaces
enhances affective mental behaviors and motivations in
addition to cognitive abilities. The survey was based on an
empirical survey and direct measurements with the
participation of 90 students (45 students in an experimental
group and 45 students in a control group), in September 2019.
The study was carried out with the participation of BSc
electrical engineering students at the Faculty of Engineering
and Information Technology of the University of Pécs, and
BsC students of educational sciences at the Faculty of Apáczai
Csere János at the Széchenyi István University. Participation in
this research was voluntary and conducted with informed
consent of the participants.

The paper is structured as follows. The first part draws
attention to MaxWhere’s multisensory educational capabilities
and the concept of personalization. In the second section,
materials and methods are presented. In section 3, the
research results of this paper are summarized. Finally, a
discussion is provided on how a framework for personalized
affective learning in VR education could be implemented.

FIGURE 2 | Personalized learners projects.

FIGURE 3 | Personalizing smartboards.
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2 MATERIALS AND METHODS

2.1 Research Background
During the COVID era, the need for personalized learning in
online education has intensified. The goal is to ensure
independent and successful learning. At the same time,
independence does not mean the absence of consultation or
space to face meetings, but it means the creation of the
possibility of independent or interactive knowledge acquisition
without continuous supervision. VR education could be designed
several ways on the MaxWhere 3D VR platform, which includes
multiple learning preferences so students can choose to relate to
the curriculum in a way that interests them. Personalized learning
is goals to facilitate the academic success of each student by first
determining the learning needs, preferences of individual
students, and then providing learning space, contents and
methods that are customized for each student. To accomplish
this goal we observe the students learning styles, information
acquisition habits, create and offer students a variety of learning
pathways and contents. Since the 1970s, educational researchers
have attempted to categorize the different ways in which people
learn and retain information and concepts. “Cognitive styles” or
“learning styles” have been defined as “self-consistent, enduring
individual differences in cognitive organization and functioning”
(Ausubel et al., 1968).

There are multiple factors that impact students’ ability to
learn, including age, digital and cultural background beside the
learning styles and habits. The results for these factors have been
published previously (Horváth, 2019a; Komlósi and
Waldbuesser, 2015). In this study a test identifying preferred
information acquisition habits and the Kolb’s Learning Style test
(Kolb, 1981) were applied.

2.1.1 Test for Mapping Preferred Information
Acquisition Habits
The learning style is made up of a combination of several factors,
such as:

• What is the easiest way to receive information?
• How we organize and process information?
• What conditions do we need to help pick up and store
information?

• How can we retrieve information?

The goal of this test was to created in order to assess the students
for preferred information acquisition habits. The relevance of this test
in this experiment was that the students were grouped by visual,
auditive and reading categories based on this test results.

To test the visual skills, students saw 10 pictures in a row. They did
not take notes. This was followed by a task. This task diverted their
thoughts from the images they saw. The task was to answer the
question: “If Anna’s birthday was on the 60th day of the year, and the
year was not a leap year, then on which day was she born?”

After answering the task, the words the students remembered
had to be written down based on the pictures they saw. They had
1 min to complete the task.

The auditive test was similar. In this case 10 words were heard,
followed by a logical task, after which the words had to be recalled
from memory.

In the case of the reading test, the students saw 10 words. Next
task was: “Yesterday was the 3rd day after Monday.What day will
be the day after tomorrow?”

After answering, participants had to write down the words
they memorized.

Mapping the kinesthetic learning style was not part of the
study. This is because the user can move in 3D using a mouse or
touchpad. Its seamless controls for spatial navigation allows it to
be used as a communication tool built primarily on 3D
interactions and 3D metaphors.

2.1.2 Kolb’s Learning Style Test for Information
Processing Preferences
David A Kolb an American social psychologist and learning
researcher, developed a test to determine learning style. Kolb
separated four different learning style. According to his
theory learning is a cyclically repetitive process, where
experience, observation, thinking and application stages
are separated. The learning cycle depends on a double
basis: the recording, obtaining and processing the
information. Kolb identified four different learning styles
(Kolb, 1981):

• Accommodating: The information that is retained is based
on experience and is processed by an active experimenter.
This is an action oriented, flexible, risk taking and quickly
applied way of learning.

• Diverging: Specific information is gathered through
experiences of a reflective observer. Information in this
case is processed through observation and
understanding.

• Assimilating: Through observational experience, this
learning style processes abstract information. The
assimilating style is logical, theory oriented and creates
coordinated models.

• Converging: This style uses abstract information in a
practical, action-oriented, purposeful, and planning-
oriented way.

Kolb created a 12 question test to determine the learning style,
which can be an important step in our work of self-knowledge.
We can become aware of the characteristic way of obtaining and
processing information during learning and working. This
awareness helps us balance the educational goal and learning
materials and methods or understand and accept the learning
style of students. The positive outcome of acceptance,
understanding and apprehension of conflicts is that we are
more aware of our own learning style.

We were looking for opportunities to implement personalized
education in 3D VR spaces.

Before completing the test, students were asked what type of
learning style they classified themselves. The aim of the question
was to find out whether they had prior knowledge of their own
learning processes and cognitive abilities.
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To fulfill the test all students received the curriculum in
MaxWhere 3D VR space and all students were given equal
time to learn. The students in the focus group received a
personalized curriculum, while the control group got
multisensory curriculum.

2.2 The Personalized Learning Curriculum
Description
In terms of gathering information for visual type learners, the
curriculum was created with graphs, flowcharts, images, videos,
and 3D objects. Keywords are highlighted in the text information.
Tasks always included, “Make a picture/graph etc.!” instruction
as well.

For the auditory type of students, we provided the lectures
with audio recording, online meeting applications, they had the
opportunity to discuss the topic, request additional oral
information and audio videos were added to the theoretical
material. Tasks included, “Tell/Summarize!” instructions. The
recordings could also be uploaded using Smartboard Sharing, so
there was also an opportunity for teacher feedback.

The educational content for students who preferred to read
written text included presentations, additional notes, articles, and
written web content. Their job was to create and upload their own
notes and summary on the Smartboard Sharing.

In the case of mixed-type students, the curriculum was created
by blending the above. VR activities could be designed to include
multiple learning methods, so according to the results of the Kolb
learning style test, students of the Accomodating type were given
more interactive contents an activity task with quick feedback.
We gave a large number of articles and websites to students
belonging to the Diverging type. Their task is with instructions:
”collect, organize, formulate somethings” we have given. Students
who belong to the Assimilating type received more information
based on the principle or rule, than what the curriculum focuses.

In addition to receiving presentations, articles, or visions, their
tasks were to create models, other types of uses. The students
belonging to Converging learning style are action oriented and
purposeful, so the optimal educational methods are the project
based educational or Edu-Coaching methods. They were asked to
provide a learning goal before beginning the learning process.
Why is it important for them to acquire that knowledge? For
Converging learning style students, we can often use Laboratory
spaces that also included simulations that worked with 3D objects
(Figure 4).

2.3 Participant Recruitment
This research was reviewed and approved by both the ethical
review committee for Doctoral School of Multidisciplinary
Engineering Sciences (MMTDI) at the Széchenyi István
University and the ethical review committee for University of
Pécs, Faculty of Engineering and Information Technology,
Department of Electrical Network.

At the first lesson of the course the participants were informed
in detail about the purpose, conditions and background of the
research. This detailed information was: “The aim of the study is
to observe the categorization of learning preferences and styles.
During the task, participants see pictures, hear and read words,
and then describe what they remember. After the examination, a
questionnaire (Kolb’s learning styles questionnaire) is also
completed. The test above has no adverse consequences. The
test takes approximately 30 min. The study can be stopped at any
time without consequences, in which case the data already
recorded will not be evaluated. After the study, participants
learn in a personalized educational environment and curricula.
Researchers measure their learning outcomes.”

Participants were volunteers. Consenting participants made
assertions that they have no known neurological or psychiatric
disorders. They declared that their vision and hearing is intact or
corrected to normal. I have no dyslexia, dysgraphia or other

FIGURE 4 | Interactive VR learning space with 3D object.
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learning difficulties. The manuscript has the English text of the
consent form as an Supplementary Appendix. Participants had
declared consent bellow:

“I declare that I have received satisfactory information about
the goals and nature of the study.

I declare that I am participating in this study voluntarily.
Neither I nor my relatives requested or received financial

compensation for my contribution to the investigations.
I acknowledge that the personally identifiable information will

be treated confidentially by the study manager and will not be
disclosed to anyone other than those involved in the conduct of
the experiment.

I agree that non-identifiable data included in the study should
be made available to other researchers.

I acknowledge that the test data are for research and non-
diagnostic purposes only.

I do not request such an opinion after the tests have been
performed.

I, the undersigned (name), agree that I will participate in the
examinations of Széchenyi István University on (day) September
2019.”

2.4 Statistical Analysis
After developing personalized VR educational spaces and learning
content, the 45 students (in experimental group) included in the
study continued their personalized learning. The control group
also included 45 students from the same age group. They also
received the educational contents in 3D VR space, but their
learning style was not determined and applied.

90 (56 male and 34 female) students participated in the study.
The average age of participants was 20.188 (between 19 and
24 years).

Levene’s test was applied to assess the equality of variances for
a variable calculated for experimental and control group, before
we perform the independent t-test. The null hypothesis formed in
the Levene’s test is that the groups we are comparing have equal
variance.

The Independent Samples t Test compares the means of two
independent groups - the experimental and the control group - in
order to determine whether there is statistical evidence that the
means of total score and response time are significantly different
in our two groups.

3 RESEARCH RESULTS

3.1 Learning Style Test
In terms of visual, auditory and reading-based learning test,
42 percent of students preferred visual information, 24
percent of them the auditory, 13 percent of them the
reading based and 21 percent the mixed (visual and
reading, visual and auditory, visual-auditory and reading)
information (Figure 5).

A surprisingly high proportion of the students were unable to
answer the question (47 percent), or gave a wrong answer the
question (15.5 percent): “What kind of learning style do you
prefer?” The answer was wrong if the student did not name the
own real learning test. Students stated that so far they have not
had the opportunity to choose between types of educational
materials, so they have not addressed this issue.

3.2 Kolb’s Learning Style Test
According to Kolb’s learning test results, the distribution of
students’ learning styles is shown in Figure 6.

Logical thinking, modelling and design are connected with the
assimilating learning type, which is mainly present in the field of
engineering.

3.3 Statistical Analysis
The learning performance of the two groups were examined. To
test the hypothesis that the experimental group (N � 45), who got
the personalized curriculum for learning and the control group
(N � 45) were associated with statistically significant different
mean response time and total score, an independent samples
t-test was performed. Additionally, the assumption of
homogeneity of variances was tested and satisfied via Levene’s
Test F � 0.375, p � 0.542 to total Score and F � 0.387, p � 0.532 to
response time.

Based on statistical analysis, we accept the null hypothesis of
Levene’s test and conclude that the variance in total score and in
response time variance are accepted as equal. Levene’s statistic
response time is shown in Figure 7 and the total score is shown in
Figure 8.

To compare the results of the experimental and control group
an independent sample t-test was used. The null hypothesis of the
independent samples t-test is that the means of total score and

FIGURE 5 | Distribution of learning style.
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response time are equal in the two groups. Themean total score in
the control group was 38.73 (SD � 8,29) and 48,44 in the
experimental group (SD � 7.3). The difference between these
means are statistically significant based on the results of the t-test:
t (88) � −5,898, p < 0.01. The means response time in the control
group was 29.58 min (SD � 1.69) and 27.02 min (SD � 1.29) in the
experimental group. This difference is statistically significant
based on the results of the t-test: t (88) � 8,082, p <0 .01. This
means that the test score in the experimental group, who received
personalized educational content, was significantly higher, also
their response times were significantly faster.

The correlation between the test score and the characteristic
score was examined. The characteristic score of Kolb’s test
represents the strength of group membership. There was a
positive correlation between personalized educational content

and tests’ score (r � 0.784 p <0 .01). Correlation is significant
on the level of 0.01. The test score in the focus group
(personalized education) was on average 20 percent higher
than in the control group, with 8–10 percent faster response
times. There was a significant performance improvement for
memory recall type tasks. Students in the focus group
remembered more than 30 percent more factual data. In case
the question contains the initial information (facts), and the task
was to process them. The difference here was not significant. We
studied the correlation between effectiveness of the tasks and
Kolb’s learning styles. The study shows the major importance of
choosing the optimal task type regarding each Kolb learning style
and personalized learning environment. According to the results
of the correctional investigations, the Accomodating learning
style shows a negative significant correlation (r � −, 783; p < 0.01)

FIGURE 6 | Distribution of learning style based on Kolb’s test.

FIGURE 7 | Response time.
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with learning results of long descriptive or long and tedious
explanatory tasks. This result concerns students who are a part of
the control group, so they studied in a non-personalized learning
environment.

The other definitive result was found for the students with a
Diverging learning style. In this case, the active presentations
were less successful and caused difficulties for these students
(r � −0.688; p < 0.01).

4 DISCUSSION

Traditional educational methods and their tools and sources, such
as presentations or textbooks typically guide the students to follow
fixed sequences to related to their learning process. In order to
integrate the information in the knowledge system, the students
have to go through the process of information processing which
cannot eliminate one or the other phase. However, the
inappropriate course ware leads to learner cognitive overload or
disorientation during learning processes, thus reducing learning
performance (Chen, 2008).We see, that theWeb-based instruction
researchers have given considerable attention to flexible
curriculum sequencing control to provide adaptable,
personalized learning programs (Brusilovsky and Vassileva,
2003; Hübscher, 2000; Papanikolaou et al., 2002; Lee, 2001) In
an educational adaptive hypermedia system, an optimal learning
path aims to maximize a combination of the learner’s
understanding of course ware and the efficiency of learning the
course ware Hübscher (2000). Nowadays, most adaptive/
personalized tutoring systems (Lee, 2001; Papanikolaou et al.,
2002; Tang and McCalla, 2003) consider student preferences,
when investigating learner behaviors for personalized services.

However, while there are many theories little empirical
evidence exists for linking such learning styles to 3D VR
education. Our previous papers focuses for information
finding, filtering, reception, processing and applications.

This paper investigates the opportunity of personalization
in 3D VR. The main point here is that in order for learning to
be effective. Learning is by necessity a multi-faceted process.
Students must be able to recall facts, definitions, the
relationships and to create new relevant information.3D
environment is absolutely effective because the human
brain was formed in an evolutionary environment where
the recognition and recollection of spatial relationships
and locations was of paramount importance (much more
so than the rote memorization of non-spatial concepts)
(Logie, 1986; Rodrıguez et al., 2002; Csapó et al., 2018).

If we want to personalize VR education the best way is the
categorization and optimizing of VR educational environments
and contents. The results of the two types of learning style tests
helped us to design this. At first the results of the two types of
learning tests were analyzed and individual educational content
was developed for each participant in experimental
group\enleadertwodots Learning style test for preferred
information acquisition habits provided us with relevant
information for creating individually preferred content, Kolb
learning test results were used in connection with information
processing. For example, regarding the Accomodating learning
style in the case of students in the personalized group, the most
successful tasks were the ones which were short, substantial and
concise. The students with a Diverging learning type were most
efficient in tasks where they could do analytical work and work
alone. There isn’t such a strong correlation between the other two
learning styles and the several tasks.

To implement an automated and personalized VR educational
system, we first need a database in which the curriculum contents
are stored in the form of visual, audio visual and text based data.
After that we have to determine the individual’s primary
information gathering preference by using sensors or other
techniques. For user interaction there are several options: head
tracking, eye tracking, motion tracking etc. If the information
obtained by eye movement tracking or other sensory based device

FIGURE 8 | Total score.

Frontiers in Computer Science | www.frontiersin.org September 2021 | Volume 3 | Article 6738269

Horváth Personalized Learning Opportunities in 3D VR

https://www.frontiersin.org/journals/computer-science
www.frontiersin.org
https://www.frontiersin.org/journals/computer-science#articles


is the same as the results of classical information acquisition
preference tests, then starting from a mixed information base,
after a few minutes the personalized information content can be
loaded into the smart boards automatically, from the database
behind MaxWhere VR system.

Our original idea was based on the examination based on the
tracking of eye movement. However, due to the pandemic, we
were unable to perform this measurement, which is part of our
work for further research and development.

5 CONCLUSIONS

With a personalized learning experience, every student can enjoy
an unique educational approach in 3D VR that is fully tailored to
his or her individual abilities and needs. This can directly increase
students’motivation and reduce their likelihood of dropping out.
It could also help achieve a better understanding of each student’s
learning process. Therefore, the education system could benefit
from the application of tests for different types of learning styles.
This paper examined learning effectiveness as it relates to the use
personalized learning content. The goal was to create adaptive
learning environments capable of deriving models of learners and
providing personalized learning experiences.

The MaxWhere 3D spaces show a high potential for
personalizing VR education. The non-intrusive guiding
capabilities of VR environments and of the educational
content integrated in the spaces were successful, because the
students were able to score 20 percent higher on the tests after
studying in VR than after using traditional educational tools.
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