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Featured Application: The outcomes of this work can represent a turning point toward a more
and more inclusive university environment for dyslexic students, at the same time showing the
full potential of artificial intelligence and virtual reality in dealing with issues related to education.

Abstract: Specific learning disorders affect a significant portion of the population. A total of 80% of
its instances are dyslexia, which causes significant difficulties in learning skills related to reading,
memorizing and the exposition of concepts. Whereas great efforts have been made to diagnose
dyslexia and to mitigate its effects at primary and secondary school, little has been done at the
university level. This has resulted in a sensibly high rate of abandonment or even of failures to enroll.
The VRAIlexia project was created to face this problem by creating and popularizing an innovative
method of teaching that is inclusive for dyslexic students. The core of the project is BESPECIAL, a
software platform based on artificial intelligence and virtual reality that is capable of understanding
the main issues experienced by dyslexic students and to provide them with ad hoc digital support
methodologies in order to ease the difficulties they face in their academic studies. The aim of this
paper is to present the conceptual design of BESPECIAL, highlighting the role of each module that
composes it and the potential of the whole platform to fulfil the aims of VRAIlexia. Preliminary
results obtained from a sample of about 700 dyslexic students are also reported, which clearly show
the main issues and needs that dyslexic students experience and these will be used as guidelines for
the final implementation of BESPECIAL.

Keywords: specific learning disorders; dyslexia; artificial intelligence; virtual reality; adaptive
learning; inclusive teaching

1. Introduction

According to the classification of the World Health Organization (WHO) [1], specific
learning disorders (SLDs) are neurodevelopmental disorders characterized by significant
and persistent difficulties in learning skills, which may include reading, writing and per-
forming calculations. This leads to an incomplete automation of such processes, which
is likely to affect scholarly and academic life significantly and even generate forms of
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psychological distress, especially when the problem is not detected early enough [2,3]. Nev-
ertheless, following the work of [1], SLDs can be grouped into four categories, depending
on the impaired learning skills: dyslexia, which affects skills related to reading; dysgraphia,
which affects skills related to writing; dyscalculia, which affects skills related to arithmetic;
and a fourth group including all those disorders that affect other skills. Among them,
dyslexia is absolutely the most common [4]. The difficulties associated with it involve not
only word reading accuracy and reading fluency but also, as a consequence, comprehen-
sion, memorization, concepts exposition [1] and the ability to take notes, compose text and
organize the study activity [5]. It is straightforward to understand that the learning process
of a dyslexic student is very likely to be compromised.

Over the years, a lot has been done to diagnose dyslexia. Diagnosis has usually relied
on some specific tests that aim to quantify reading difficulties, jointly with clinical tools that
measure cognitive abilities. Dyslexia is diagnosed for reading performances that, in terms
of speed and accuracy, are below the fifth percentile or below two standard deviations with
respect to the mean, in the presence of normal cognitive abilities. The focus of such tests
has been especially on primary school students. In the past few years, however, tools that
are also targeted to secondary school and university students have been created, including
the LSC-SUA test [6] and the Adult Dyslexia Battery (BDA) [7]. Classical and widely used
diagnostic tests consist of reading aloud meaningful and meaningless words. More novel
approaches, however, are based on silent reading, fused passages (namely, reporting when
spaces between words are missing) and dys-words (namely, reading words that contain
numerous spelling errors but are still recognizable as if they were spelled correctly) [6].

The advent and the wide spread of information technology (IT) has also positively im-
pacted the problem of dyslexia diagnosis and novel and interesting approaches exploiting
digital technologies have been proposed. These can be broadly grouped into two cate-
gories [8]: The first one comprises those approaches based on neurological data analysis,
which aim at spotting the differences in brain anatomy, organization and functioning that
correlate with the presence of the typical symptoms caused by dyslexia [9,10] by employing
modern screening techniques and novel algorithms to enhance their output. Significant ev-
idence of anomalies in dyslexic people’s cerebral morphology and operative processes has
been found through the analysis of 3D scans of the brain obtained with magnetic resonance
imaging (MRI) [11–15] and functional magnetic resonance imaging (fMRI) [16–19], respec-
tively. In addition, different behaviors between dyslexic and non-dyslexic subjects have
been observed in the frequency [20], entropy [21] and spatial activation patterns [22,23] of
electroencephalogram (EEG), a widely used technique to assess human concentration [24].
Interesting results have also been obtained with the tracking of the movements of the
eye during the act of reading (easily and cheaply performable at the state-of-the art level
thanks to the progress in the design and production of eye-trackers [25] and tracking
techniques [26–28]), which have demonstrated that the saccades of the readers differ in
number and amplitude, depending on if they have dyslexia or not [29–32]. The second cat-
egory consists of those approaches that revise and improve classical testing methodologies,
using the potential offered by IT. These, in turn, can be divided into three groups, on the
basis of the aspects they aim at improving: administration of the tests, choice of the most
predictive ones and analysis of the results. The first group is focused on presenting the
most consolidated tests for dyslexia diagnosis by means of platforms or digital tools that
allow the facilitation and speeding up of the collection of the necessary data [33–36]. These
platforms/tools can also provide specialists with real-time information and help them
monitor the specific objectives step by step, in order to constantly provide the chance to
compare results and revise previous evaluations, increasing the probability of a correct final
diagnosis [33]. In addition, their capability to gather and store data can also be exploited
for research purposes [35]. This kind of approach is particularly useful for the assessment
of dyslexia during childhood, since it allows the administration of tests as a set of serious
games that are appealing to the children and hide the sensation of being under evalua-
tion [33–35]. In light of its peculiar features, virtual reality (VR) has proven to be a powerful
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tool to achieve this goal and, in fact, its use in this area is increasing [36,37]. VR also pro-
vides a control environment that submerges the user in a controlled but relaxed structure,
making it possible to carry out screening tests and decreasing emotional distress [38]. The
second group aims at selecting the best tests among the available ones [39,40]. To do this,
fuzzy logic, artificial intelligence (AI) and genetic algorithms are generally employed to
reach a more significant joint interpretation of the scores of the typical dyslexia screening
tasks [39] and to exclude the less predictive ones [40]. The third group is instead focused on
jointly analyzing several dyslexia assessment tests, in order to build an automatic predictor
of the presence/absence of the disorder. Again, AI perfectly suits this purpose, both for
the large amount of data provided by the tests and considering the capability of machine
learning (ML) algorithms to find significant relationships between the tested features and
obtained results. Numerous promising works have used AI profitably; for example, in [41],
the results of the Gibson test of brain skills were used to train an artificial neural network
(ANN) and an accuracy predictor of almost 90% was implemented. A similar approach
was followed in the works of [42,43], but instead relying, respectively, on human–computer
interaction measures and on a self-evaluation questionnaire about difficulties in speak-
ing, reading, spelling and writing. In the works of [44,45], instead, state-of-the-art ML
algorithms were trained on a wide battery of tests, exceeding 90% accuracy.

It is not surprising that a much has been done to improve the diagnosis of dyslexia,
since it is universally acknowledged that recognizing it early, especially before the begin-
ning of the school, is crucial to help affected people fill their learning gap [46–48]. However,
we are still far from having a rigorous, systematic and widespread methodology to spot it
at pre-school age [49]; therefore, the development of supporting strategies and tools for
dyslexic people whose condition is found late is of paramount importance. With this in
mind, several methodologies have been developed to improve reading skills in terms of
both accuracy and speed. For example, in the work of [50], a training method based on
phonetic instructions was presented and defined as the only statistically effective method.
In the work of [51], a combination of the cognitive training of executive functions with
a phonological-based treatment has proven a significant method for the rehabilitation of
dyslexic subjects. Other approaches, instead, focused on using a rhythmic background [52]
or even music [53] for a sublexical training. It is interesting to point out that the vast
majority of these studies agree that providing support to dyslexic people also helps them
in building a personal and creative study method that follows their own learning styles,
thus being even more effective. Although the efforts in this direction are multiplying year
after year, not enough has been done yet. One of the largest gaps is the integration of IT,
which seems particularly suitable for the purpose but has not yet been fully exploited.

2. Related Works

As mentioned, IT solutions have not yet reached their great potential in supporting
students with dyslexia, even if the efforts in this direction are gradually increasing. The
works of [54,55] raise the problem of proposing an ontology to facilitate the development
of e-learning tools aligned with the needs of dyslexic students, but no practical supporting
solutions are introduced. In the works of [56,57], instead, the readability of websites for
dyslexic people is analyzed and improved, but this can be considered only as a first step
toward their full inclusion in the learning system. A second step is performed in [58],
where web applications are also taken into account, but only the preliminary phase of a
dyslexia-friendly collaborative learning system is presented. A further advance has been
made with the introduction of specific and sophisticated tools aimed at increasing the
impaired skills. For example, in the work of [59], using a computer platform equipped
with speech synthesis and eye tracking was a great boost to the comprehension of a text
by dyslexic subjects. Several works have explored the use of AI, demonstrating that it is
likely to be one of the most effective instruments to face the problem. The ability of AI
to predict future situations by learning from available data makes it a powerful tool to
analyze a great amount of information. Further, its improvement over the years has led to
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very effective techniques capable of dealing with a lot of different data at the same time.
Nowadays, multivariate, quantitative, qualitative and ranked data can be used together to
train AI algorithms that can automatically find hidden relationships among them, leading
to a deeper understanding of the examined phenomenon. It appears clear how AI can
be used to support people affected by dyslexia. In the work of [60], a supervised ANN
is used to model the reading ability of dyslexic primary school students, in order to give
specific support to each one. Network training is performed on the data about the main
deficits caused by dyslexia and the results demonstrate that only personalized models
can correctly profile dyslexic students and be helpful for them. In the work of [61], a
hidden Markov model predicts the difficulties in learning the Malay language in primary
school students affected by dyslexia by tracking their mistakes in solving phonology,
spelling, reading and writing exercises. The results are not reported but, again, the need
for individual support interventions is pointed out. A similar approach is adopted in
the work of [62] but, in this case, students’ behavior is also considered in training the
model. A computer-assisted learning system is developed on the basis of the output
predictions and a 60% improving of dyslexics’ skills with respect to classical supporting
tools was achieved. The aim of the works of [63,64] is to implement an assistive learning
platform for primary and secondary school students. The former is focused on helping
the process of reading. First, optical character recognition (OCR) is employed to capture
the text; then, an ANN identifies two classes of words: easy and difficult ones; finally,
the second ones are highlighted, spelled, pronounced or accompanied by images and
synonyms in order to make their comprehension easier. ML techniques are used to decide
which kind of support is better, depending on the words encountered. The latter, instead, is
focused on both reading and writing abilities. A support vector machine (SVM) predictor
is constantly trained on the basis of the dyslexic students’ scores in serious games and
exercises, whose types and difficulty levels are adaptively changed, depending on the
obtained performance. Improvements of students’ skills and engagement in learning—
along with parents’ and therapists’ capabilities of monitoring progress—are reported. As
previously mentioned, a powerful IT tool in the education field is VR [65], thanks to the
opportunity it provides to present totally customizable and appealing contents (study
material, activities to be performed, tests, etc.), which can be received by the users in an
immersive environment—typically created by means of wearable helmets, provided of
near-eye displays (NED) and headphones—, increasing their engagement and, thus, their
attention. In addition, it allows monitoring easily progresses and obstacles encountered
during the learning process. Virtual environments have been included in education since
the beginning of the century, especially to reproduce real-life situations [66]. More recently,
they have been employed also for training purposes [67]. Previous works have investigated
their application in several learning tasks, like improving linguistic abilities and assess
the attention of the reader, by also relying on eye-trackers included in VR helmets [68].
In addition, the results of the study of [69] have indicated that VR can improve memory
and audio–visual abilities. Its application has also been prompted by the advances in the
dedicated hardware technology, which have led to the development of cheap but effective
devices. Several works have thus explored the use of VR to increase dyslexic students’
memory performance [70] and reading abilities [69], obtaining better performance than
using classical or less immersive training methods. It is worth nothing that the vast majority
of the works related to supporting dyslexic learners are targeted to pre-school, primary
and secondary school age. Methodologies and tools to help them at university level are
almost totally missing or provide just a partial aid [71]. However, as discussed in depth in
the next chapter, dyslexic university students often experience the typical problems given
by this disorder and see their academic career slowed down or even spoiled.

The project VRAIlexia (virtual reality and artificial intelligence for dyslexia) has been
launched to face this problem. Starting from the necessity to untap dyslexic students’
potential and enhance their strengths, it aims to develop learning tools and services for
to ensure to them equal access and opportunity of success during their career and their
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lifelong learning experience. Among the several activities provided for by VRAIlexia
project, the main one consists of the design and implementation of the software platform
BESPECIAL, the role of which is to provide dyslexic students at university with digital
supporting tools that are specific for each of them and, thus, much more effective, in order
to decisively reduce the problems they usually encounter and facilitate their academic
career. To do this, BESPECIAL will be trained right on the individual issues and needs of
the students, exploiting the powerful means of AI—to learn which are the best tools for
each and deliver them automatically—and VR— to administer evaluation test and, at the
same time, monitor progress and weak points and provide a constant feedback to the AI.

In this paper, the conceptual design of BESPECIAL will be presented, focusing on the
background situations of dyslexic students, which have suggested the necessary interven-
tion of VRAIlexia project and the design choices of the software platform (Section 3); the
role of each module of the platform (Section 4); the preliminary results that will be used as
a guideline for the future implementations (Section 5). Section 6 concludes and discusses
the next steps.

3. Background, Motivation and Purpose of the VRAIlexia Project

The decision to develop the VRAIlexia project and implement the BESPECIAL plat-
form was born from a case study (referred as “Tuscia case study”) conducted at the
University of Tuscia (an Italian academic institution, whose headquarters are located in
Viterbo, Italy) concerning the number, distribution and academic outcomes of students
with SLDs. The results, considered jointly with the global statistics about the topic, pointed
out some crucial issues about the academic opportunities of such students.

According to the works of [4,72], between 6.25% and 12.50% of the world population
experiences SLDs, which means around 875 million people worldwide. However, the
datum is likely to be underestimated, since some evidence [73] makes the percentage
increase to up to 21.25%, that is, around 1.6 billion people. Such numbers give an idea of
the scale of this phenomenon. Among them, about 80% are dyslexic, though the remaining
20% suffer from other SLDs [4]. It is also important to note that two or more disorders may
occur together. However, dyslexia alone is the most common learning disorder, with a
percentage of between 35% and 50% of SLD cases [74].

An investigation by Italian Ministry of Education and Ministry of University and
Research that was carried out in 2019 [75] reported a similar distribution of the SLD
typologies within the students of national primary and secondary schools; of all the
students with SLDs, 34% are affected only by dyslexia (Figure 1).
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The report also showed that students with SLDs constitute 3.2% of the total students at
primary and secondary school, whereas at university, they constitute only 1.2% (Figure 2a).
This drastic decrease clearly highlights how university can become an insurmountable wall
for them and how some actions in this regard are necessary to mitigate the main problems
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they experience during academic life. According to the Tuscia case study, the percentage of
university students with SLDs is slightly higher (Figure 2b), but consistent with [75].
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The rate of dyslexic students over all the students with SLDs is also in line with
both primary/secondary school datum and the statistic at global level, showing that this
disorder affects 39% of academic population (Figure 3) and is the most frequent one.
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Another interesting fact is that dyslexic students attending a degree course in the
sciences constitute 44.3% of the total number of students with SLDs. Instead, they constitute
only 25.8% in degree courses in humanities (Figure 4). This matches with the typical
problems that dyslexics experience, which have an adverse impact on tasks that are more
commonly required in the second branch, like reading, memorizing, exposing concepts
aloud, etc. The conspicuous presence of such tasks is likely to discourage the enrolment
in humanities courses or leads to their abandonment. Further evidence comes from the
graph in Figure 5, which shows the average number of university credits in the European
Credit Transfer and Accumulation System (ECTS) achieved per year by dyslexic and non-
dyslexic students, both globally and specifically for sciences and humanities. The global
data show that dyslexic people accumulate, on average, six ECTS less, which correspond,
approximately, to one exam per year lost compared to non-dyslexics. This illustrates a
situation of hardship for dyslexic students that must be faced thoroughly, in order to
guarantee equal opportunities to them. The specific data for sciences and humanities
confirm the above regarding the greater difficulties encountered by dyslexic students in
the second branch. The difference in the achieved ECTS rises up to 6.7 for humanities,
compared to 4.6 for sciences.



Appl. Sci. 2021, 11, 4624 7 of 27Appl. Sci. 2021, 11, x FOR PEER REVIEW 7 of 27 
 

 
Figure 4. Rate of dyslexic students over the total number of SLD university students in sciences 
and humanities, according to the Tuscia case study. 

 
Figure 5. Average number of ECTS achieved per year: comparison between dyslexic and non-
dyslexic students globally and specifically for sciences and humanities, according to the Tuscia 
case study. 

Summarizing the statistics shown above, four main facts stand out: (i) people with 
SLDs are a significant percentage of the global population; (ii) the vast majority of them 
experience dyslexia; (iii) the presence of this disorder affects the academic career in terms 
of both graduation time dilation and abandonments; (iv) this problem strikes mainly de-
gree courses in humanities. 

The VRAIlexia project starts from these assumptions and, within the first three years 
of the project, intends to achieve five tangible outcomes to overcome all the main difficul-
ties encountered by dyslexic students at university and eliminate, or at least reduce, the 
gap with respect to non-dyslexic students. More specifically, in addition to the software 
platform BESPECIAL, which represents both the core of the project and the focus of this 
paper, the other four outcomes are the ones listed below. 
1. A battery of tests in VR to assess the skills of dyslexic students, which will allow 

teachers to better and more easily understand the issues of them. 
2. An online shared repository containing all the digital modules, resources, tools and 

any other kind of material that can be useful to implement innovative teaching and 
learning methods. 

3. A training path consisting in two events, the first one addressed to the improvement 
of dyslexia awareness from teachers and the second one addressed to dyslexic stu-
dents to enhance their self-entrepreneurial mindsets. Both events will be organized 
by experts of various disciplines, according to the Universal Design Learning meth-
odology [76]. 

Figure 4. Rate of dyslexic students over the total number of SLD university students in sciences and
humanities, according to the Tuscia case study.

Appl. Sci. 2021, 11, x FOR PEER REVIEW 7 of 27 
 

 
Figure 4. Rate of dyslexic students over the total number of SLD university students in sciences 
and humanities, according to the Tuscia case study. 

 
Figure 5. Average number of ECTS achieved per year: comparison between dyslexic and non-
dyslexic students globally and specifically for sciences and humanities, according to the Tuscia 
case study. 

Summarizing the statistics shown above, four main facts stand out: (i) people with 
SLDs are a significant percentage of the global population; (ii) the vast majority of them 
experience dyslexia; (iii) the presence of this disorder affects the academic career in terms 
of both graduation time dilation and abandonments; (iv) this problem strikes mainly de-
gree courses in humanities. 

The VRAIlexia project starts from these assumptions and, within the first three years 
of the project, intends to achieve five tangible outcomes to overcome all the main difficul-
ties encountered by dyslexic students at university and eliminate, or at least reduce, the 
gap with respect to non-dyslexic students. More specifically, in addition to the software 
platform BESPECIAL, which represents both the core of the project and the focus of this 
paper, the other four outcomes are the ones listed below. 
1. A battery of tests in VR to assess the skills of dyslexic students, which will allow 

teachers to better and more easily understand the issues of them. 
2. An online shared repository containing all the digital modules, resources, tools and 

any other kind of material that can be useful to implement innovative teaching and 
learning methods. 

3. A training path consisting in two events, the first one addressed to the improvement 
of dyslexia awareness from teachers and the second one addressed to dyslexic stu-
dents to enhance their self-entrepreneurial mindsets. Both events will be organized 
by experts of various disciplines, according to the Universal Design Learning meth-
odology [76]. 

Figure 5. Average number of ECTS achieved per year: comparison between dyslexic and non-dyslexic
students globally and specifically for sciences and humanities, according to the Tuscia case study.

Summarizing the statistics shown above, four main facts stand out: (i) people with
SLDs are a significant percentage of the global population; (ii) the vast majority of them
experience dyslexia; (iii) the presence of this disorder affects the academic career in terms of
both graduation time dilation and abandonments; (iv) this problem strikes mainly degree
courses in humanities.

The VRAIlexia project starts from these assumptions and, within the first three years
of the project, intends to achieve five tangible outcomes to overcome all the main difficulties
encountered by dyslexic students at university and eliminate, or at least reduce, the gap
with respect to non-dyslexic students. More specifically, in addition to the software platform
BESPECIAL, which represents both the core of the project and the focus of this paper, the
other four outcomes are the ones listed below.

1. A battery of tests in VR to assess the skills of dyslexic students, which will allow
teachers to better and more easily understand the issues of them.

2. An online shared repository containing all the digital modules, resources, tools and
any other kind of material that can be useful to implement innovative teaching and
learning methods.

3. A training path consisting in two events, the first one addressed to the improvement of
dyslexia awareness from teachers and the second one addressed to dyslexic students to
enhance their self-entrepreneurial mindsets. Both events will be organized by experts
of various disciplines, according to the Universal Design Learning methodology [76].

4. A memorandum of understanding for the creation of common inclusion strategies
among European higher education institutions.
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It is easy to understand how these outcomes have the potentiality to represent a valid
opportunity to eliminate or at least mitigate significantly the above-reported issues, related
to the enrolment of dyslexic students in university. In addition, they will allow to define a
standardized approach, which is likely to increase students’ motivation to complete their
career and to move the first steps in the work market. The high level of intricacy of the SLDs
spectrum requires not dealing with all the disorders at the same time, but focusing on each
singularly. Since dyslexia is absolutely the prevailing SLD among the world population,
VRAIlexia will focus on it. In addition, the intrinsic diversity in teaching/learning different
disciplines [77] suggests thinking of specific methodologies for each of them. Humanities
being the disciplines more challenging for dyslexic students, only them will be considered
within VRAIlexia. An extension to the other SLD types and to scientific disciplines has
been already projected and is likely to be performed at a later time.

The previously listed assumptions, jointly with the information obtained from the
literature analysis, have also been taken into account in the design of BESPECIAL that,
as mentioned, is in charge of providing dyslexic students with ad hoc strategies and
tools to support them during university, so as to try to mitigate the career slowdown and
abandonments phenomenon. In order to produce specific material for each student (a
fundamental factor to achieve the goal [60,61]), the platform will be implemented starting
from the individual issues they experience and according to their precise needs. Given
the focus on humanities, the produced material and methodologies will cover the typical
problems related to the main tasks of these disciplines. In addition, the BESPECIAL output
is not meant to be delivered only to students in the form of digital tools, but also to teachers
and university institutions in the form of strategies and best practice, which will simplify
the academic path for dyslexics, making it really inclusive for everyone.

4. Conceptual Design of BESPECIAL

To deal with the complexity of the task BESPECIAL must perform, it is advisable to
develop it in two stages.

4.1. First Development Stage

In the first stage, the basics of BESPECIAL will be implemented, so as to build the
backbone of the platform. The kernel consists of an AI-based module that will be employed
to assess the dyslexia status of the users, starting from both their clinical reports and a
questionnaire about the problems they feel while studying, plus the solutions they deem
to be helpful. From the results of the assessment, the best supporting tools and strategies
will be predicted. Then, the former will be used to digitalize the study material and
provided directly to the users, whereas the latter will be passed to the teachers and, in
general, to the university institutions to enable them to help students in the best way by
implementing standardized guidelines. The training of the AI module will be performed
from a large database of clinical reports of dyslexic students and from their answers to
the above-mentioned questionnaire. This allows simultaneous consideration of both the
evaluation made by the experts and the self-evaluation of dyslexic subjects. At this level,
the provided material will not yet be specific for each one of the students singularly, but
still they will be divided in some broad categories created on the basis of the relations
between their issues and their needs, which will have been spotted by the AI. The group
of tools and strategies that best fits those students belonging to a specific category will
be assigned to them. This preliminary classification also allows the simplifying the work
of the AI assessment module of the second stage, which will have to switch from being
category-specific to be student-specific.

The block diagram of the first development stage of BESPECIAL is depicted in
Figure 6, whereas its modules and steps are described in detail in the following subsections.
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4.1.1. Interviews to Dyslexic Students

The very first step for the development of BESPECIAL consists of carrying out semi-
structured interviews with dyslexic students with the aim of investigating aspects concern-
ing metacognition and learning methods, which will be used to build a self-assessment
questionnaire that will allow students to describe their study issues and the supporting
strategies and tools that each one finds most useful. A sample of 20 dyslexic university
students will thus be interviewed on a voluntary basis. The distribution between male and
female subjects will be random. Students will be asked to answer to a group of questions
concerning their study method, the main difficulties they experienced in their university
learning path and the tools and strategies they have applied and found helpful. Finally, the
answers will be analyzed, in order to create a list of typical issues and needs of dyslexic
university students, which will be then used to design the questionnaire. The obtained data
will not be aggregated at this step, so as to maintain a wider analysis capability. Possible
aggregations can be done later.

4.1.2. Digital Questionnaire

On the basis of the information gathered from the interviews, a questionnaire will
be created and then digitalized and hosted online, so as to significantly speed up the
collection of the data about the self-evaluation of issues and needs of dyslexic students.
The questionnaire will be organized as follows. After a few demographical questions
(age, gender, etc.), information about the high school and university career and about
the dyslexia status and history will be asked. The answers will be useful mostly for the
objectives of VRAIlexia other than BESPECIAL implementation. The software platform,
however, could also benefit from this information by finding unexpected relations between
it and dyslexic students’ problematics and needs, which could be interesting additional
outcomes of the project. Then, three groups of questions will be asked: (i) which have
been the main issues experienced during the last years of the learning path; (ii) which have
been the most useful supporting tools; (iii) which have been the most useful supporting
strategies. Each group will be organized in multiple choice questions, each of which
concerning one of the issues/tools/strategies that emerged from the interviews to dyslexic
students. The choice consists of a score from 1 (very little) to 5 (very much), depending on
the severity of the issue or on the utility of the supporting methodology, plus the option
“not experienced” (for the issues) or “not useful” (for the tools and strategies). In addition,
the groups of questions about supporting methodologies will also present the options
“never tried” and “don’t know”. This will allow the AI to distinguish the reason why a
certain methodology is not regarded as helpful. In Figure 7, two pictures showing two of
the above-mentioned inquiries from the questionnaire are reported by way of an example.
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The answers to these three groups of questions will be the main input of BESPECIAL.
A large amount of them will, indeed, be used initially to train the AI assessment module
and build the predictor of the most suitable supporting methodologies, given the issues
experienced by dyslexic students. Later, instead, the answers of each student will be read
to formulate the prediction.

4.1.3. Application of Optical Character Recognition to the Dyslexia Clinical Report of
the Students

The clinical reports of dyslexic students are the second input to BESPECIAL. From
them, the information given by the experts about the status of the disorder for each student
will be collected. In order to automate the extraction of this information, an algorithm
based on optical character recognition (OCR) will be devised. Medical reports are generally
not released in a digital format, requiring to be photographed to be passed to a computer,
or, however, their format does not permit easy modifications (like pdf). The platform must,
thus, be able to take files in different formats as input and interpret them. The system will
then use the OCR algorithm provided by Google Vision API to recognize and extract the
text of the medical reports from such files. After that, the three typical steps of text pre-
processing will be applied to the text extracted with OCR. These are: removing stop words,
tokenization and stemming. The first one aims at removing commonly used words that are
not useful to characterize the content of the document, such as articles and conjunctions.
The second one, instead, splits the text into single words (tokens), so as to ease the content
analysis. Finally, the third one aims at reducing each word to its root, allowing inflected
forms of the same word to be grouped and then treated as a single element. Once the
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clinical reports will be processed by the OCR module, useful information can be extracted
from them. For example, it may be possible to understand the type of dyslexia of each
subject or their specific needs.

4.1.4. AI Assessment Module

The input coming from the questionnaire and the clinical reports will be passed to the
AI assessment module, first to train it and then, after the training will be completed, to
provide those pieces of information about BESPECIAL users that allow predicting the most
suitable supporting material for each of them. To develop the module, ML techniques will
be used. At this stage, indeed, it is not advisable to rely on deep learning (DL), since the
input (namely, the issues experienced by dyslexic students) and the output (the supporting
tools and strategies) variables are not a huge number. Using DL is, thus, likely to result in
data overfitting. At the second stage, instead, when a much higher number of variables
will have to be processed, the possibility to switch to DL techniques will be taken into
account. The good practice of testing several ML algorithms will be followed. In particular,
supervised algorithms will be considered, since the questionnaire and the clinical reports
provide labeled output variables, for which the label is given by the supporting tools and
strategies. The typical and state-of-the-art set of ML algorithms will be used. It comprises
naïve Bayes, logistic regression, k-nearest neighbors, random forest, gradient boosting tree,
SVM and ANN [78]. After training them and build a predictor for each, cross-validation
will be carried out, so as to choose the best performing one. Accuracy and precision metrics
(like AUC, F-measure, etc. [79]) will be taken into account as performance criteria. To take
account of the possible presence of highly variable data, the algorithms testing will be run
on different database setups, namely, rearranging data in different ways. For example, a
different ranking scales for the answers to the questionnaire could be adopted, like scores
from 1 to 3 (obtained by opportunely aggregating the original scores from 1 to 5), or the
questions could be considered as “yes/no” ones (by collapsing the original 1 to 5 scores
into “yes” and keeping the “no” answer). Similarly, different ways to aggregate and rank
the information gained from the clinical reports will be considered. Furthermore, protocols
to manage possible missing data will be developed. This step is necessary for two reasons.
The main one is that clinical reports are compiled by human beings and guidelines on how
to do it correctly are still lacking. This results in documents that are often and considerably
incomplete. The other reason is that the questionnaire features the option “never tried”
and “don’t know” among the answers about the most useful supporting methodologies.
Obviously, these answers cannot be considered the same as “not useful” and, thus, they
must be treated as missing data. All the typical strategies to address this issue will be
applied, like simple deletion, imputation and prediction and the techniques that will give
the best result will be implemented. Once the AI module will have made its prediction,
the results will be split into two parts. The most suitable tools for the user will be passed
to the digitalization module, whereas the most suitable strategies will be one of the final
output of BESPECIAL platform, which will be provided to the institutions and the teachers
to orient their interventions in favor of the students.

4.1.5. Digitalization of the Supporting Tools

As previously mentioned, the tools that best fit the students’ needs, according to the AI
module prediction, will be passed to another module that is in charge of their digitalization.
This operation will allow full exploitation of the benefits offered by the modern IT devices
(PCs, tablets, smartphones, e-books, etc.), by creating supporting material that is not
only easy-to-use and appealing for the users, but also customizable and portable. The
digitalization will involve the study material of the university courses, which will also
be passed as input to the module and which the tools will be applied to. To define the
techniques to be employed to achieve the goal, it is of course necessary to know which
supporting tools must be implemented. Nevertheless, some steps will almost certainly be
required in any case, given the nature of the typical study material of humanities branch.
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The first one is the transformation of the texts into ASCII format, which is a necessary
initial operation, in order to have the possibility to treat them digitally. Again, OCR will
be used for this purpose. Then, the ASCII strings will be passed to a language detection
algorithm. This will allow improvement of the accuracy of the OCR output, by inferring
the specific feature of the detected language. Once a text is readable by a computer, the
possibility for the user to modify some display settings will be implemented, following
the suggestions in [80]. In particular, they will be able to specify style, size and spacing of
the font and to communicate which syllables and words cause reading or understanding
difficulties, so as to have them highlighted in different colors. The selected syllables/words
will be identified within the text by means of regular expressions, which are sequences of
characters that specifies patterns of search, thus finding all the repetitions of the targeted
string. The audio reproduction of the documents will also be implemented by relying on
speech synthesis algorithms based on DL models. The detection of the language that has
been obtained previously will also be useful to this end. To meet the user’s needs better,
the possibility to set preferences on how the audio should be played will be given. These
will include the choice of the speaking voice and the audio speed. The digitalized tools
applied to the study material constitute the second final output of BESPECIAL. It will be
provided to the students in order to support them during their academic career.

4.2. Second Development Stage

In the second stage, the features developed in the first one will be enhanced, leading
to the final version of BESPECIAL platform, which is shown in Figure 8.
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In particular, two aspects will be improved, namely, the input data collection and
the level of specificity of the provided supporting material for each student. Concerning
the former, a new input source will be introduced, namely, the results of a battery of
psychometric tests, which will be delivered using VR to ease their accessibility and improve
students’ engagement. Concerning the latter, a further assessment module will be added,
which will evaluate the response of the users to the digital supporting tools and will give a
feedback about their usefulness to the AI module, in order to guide its prediction towards
the creation of an increasingly customized material for each one. This step will allow us
to switch from category-specific to student-specific supporting tools, which should give
a decisive contribution to facilitate the career of dyslexic students. Again, VR will be
exploited, given the possibility it offers to easily and quickly monitor users’ progress, skills
and weak points.

An in-depth description of the new features introduced in this second and last imple-
mentation stage is presented in detail in the next subsections.
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4.2.1. Psychometric Tests and Their Delivery via VR

As previously mentioned, a new input from dyslexic students will be collected in the
final version of BESPECIALBESPECIAL, that is, the information coming from a battery of
psychometric tests. The introduction of psychometric tests has been deemed necessary in
order to have also an objective initial profile of the users, allowing comparison of different
people in a unitary manner. In addition, the tests will enable the progress of dyslexic
students to be tracked by monitoring the obtained scores over time. It is worth noting
that not only learning performance, but also psychological aspects related to the learning
process, such as anxiety, self-esteem, self-efficacy, strategies and motivations for studying
will be assessed. Psychometric tests will be divided into five batteries. The first one is the
previously mentioned BDA. It is targeted at 16 to 30 years old dyslexics and consists of
11 unpublished tests that evaluate three kinds of skills, namely, reading, writing and texts
comprehension. In particular, BDA investigates the flexibility of the process of reading
aloud and in silent mode, providing specific tasks to assess the degree of automation when
writing and introduces a culture free, multiple choice answer-free reading comprehension
trial. Its results allow the creation of detailed operating profiles of the assessed skills. The
second battery is the State-Anxiety Inventory (STAI-Y), devised in the middle of the 1960s
and revised in the early 1980s [81]. It is split into two scales (Y1 and Y2), which evaluate
state anxiety and trait anxiety, respectively. The assessment of the former is performed
through questions related to how the subject feels at the time of administering the ques-
tionnaire, whereas the assessment of the latter relies on questions that investigate how the
subject feels habitually. For the purpose of BESPECIAL, only Y1 will be performed. The
third battery measures the General Self-Efficacy Scale [82] and consists of 10 items aimed
at explaining various cognitive and motivational aspects related to learning, including the
impact of positive experiences and successes, perseverance in commitment, optimism and
the development of interests in specific cultural and professional fields. The fourth battery
is the Questionnaire on Learning Processes [83], in the D version (QPA-D), which is the one
targeted at university students. It uses three scales that investigate the following aspects.

1. Intrinsic motivation for learning (MI), in which those who are engaged in learning
regularly perform their school duties and progress harmoniously in all disciplines
obtain high scores.

2. Metacognition and self-regulated learning (MA), in which those who are aware of
their cognitive processes and, hence, manage their learning process effectively obtain
high scores.

3. Learning strategies (SA), in which those that are capable to adopt good and effective
strategies to process contents and information obtain high scores.

The fifth battery is the Rosenberg Self-Esteem Scale (R-SES) [84], which is aimed at
measuring self-esteem and consists of 10 items related to overall feelings of self-worth or
self-acceptance. The items are answered on a four-point scale ranging from strongly agree
to strongly disagree.

An intrinsic problem of the introduced psychometric tests lies in their format, which
tends to be too formal and repetitive. Moreover, such tests require a lot of time to be
completed. This causes people to get bored easily and, thus, to lose concentration and
perform them without commitment. This issue is even more severe for dyslexics, whose
problems affect exactly concentration and understanding. To overcome this, psychometric
tests will be delivered by relying on VR. Its characteristics, indeed, allow recreating an
interactive environment with high fidelity, thus presenting any material in a playful and
appealing way, which is likely to improve engagement and attention [38]. In addition, tests
performing time will be reduced and the obtained results will be collected and stored more
easily and in a convenient way for their use in the AI module. Two main approaches can
be followed to deliver contents via VR, depending on the type of devices used, namely,
immersive virtual reality (IVR) and desktop virtual reality (DVR). IVR is capable of offering
a complete immersion of the user in the virtual environments by using specific hardware
known as a VR headset, which consists of a helmet provided with two head-mounted
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displays and headphones. The displays allow for 3D vision and isolate the user’s sight
from the real world, as well as headphones for the user’s hearing. Coherence between
the user’s and virtual images movements are ensured by inertial sensors equipped on the
helmet. Hand controllers are also provided often, in order to improve the interaction with
the virtual world. The result is the projection of multiple images that configure a room-size
venue for experiencing VR and creating a flow through the scenario, thus generating
the full immersion experience. Unfortunately, IVR suffer a major limitation due to the
high costs and the low accessibility of the needed devices. Conversely, DVR does not
need complex and expensive hardware to be played, since it runs on common devices,
like personal computers, tablets and smartphones, which are more sustainable for higher
education institutions [85]. As a counterpart, it can provide only a static and less interactive
experience, making the sense of complete immersion be lost. Some cheap helmets, into
which a smartphone can be inserted, however, can partially render it affordable. The
majority of the previous studies are based on IVR [86]. Nevertheless, some novel works
are focused on DVR environments [85]. Inspired by the second ones, BESPECIAL VR
psychometric tests will be created by relying on DVR. They will thus, be suitable for
ubiquitous devices, like smartphones and tablets, allowing for a wider and quicker spread.
JSON and PhoneGap framework will be used to develop the VR module, including PHP
and HTML, combined with MySQL, CSS, JavaScript and JQuery, as complementary base
languages. The created VR environment will present the tests in a calming background,
made of soft colors and arcade game elements. Cheap cardboard helmets for common
smartphones to be inserted into will be used to reduce the field of view of the user, in
order to enhance the degree of immersion perceived. The results of psychometric tests
will then be passed to the AI assessment module and used jointly with the results of the
questionnaire and the information extracted from the clinical reports, first to train the AI
and, then, to predict which is the best supporting material for each user.

4.2.2. VR Tools Assessment Module

The second module based on VR will have in charge to assess the response of each
dyslexic student to the provided digital supporting tools. The assessment result will then
be passed to the AI module, which will combine it with the BESPECIAL input data, so as
to create completely ad hoc tools to be exploited during their academic career. Analogously
to the previous subsection concerning psychometric tests, in this case, the evaluation
process can also be long and boring for the users. Using VR can, thus, make it less heavy,
ensuring a much higher level of engagement and, therefore, a more accurate assessment.
In addition, VR itself can become an interesting supporting tool, enhancing the interest of
the students, promoting autonomy and increasing self-esteem. A further application is that
it can create a virtual environment where the main difficulties and the emotional distress of
dyslexic students is simulated, enabling teachers and students without learning disorders
to experience it, in order to improve understanding of the dyslexia and teacher-to-student
empathy. This can provide useful strategies to enrich the BESPECIAL outcome of the
best practice. In this phase, the IVR approach will be preferred to DVR one, since tools
assessment will last much longer than psychometric tests and, thus, an increased level of
engagement is required. Furthermore, fewer students will participate in the training phase;
therefore, the higher cost of the needed devices will be compensated by the low number.
VR will also be particularly useful in this phase because of its capability to collect and store
data quickly. A comparison between the use of DVR and IVR in the two different phases is
shown in Table 1, jointly with the main advantages and drawbacks.
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Table 1. Use of the two VR approaches (DVR and IVR) within BESPECIAL.

VR Approach Devices Needed Targeted Users Aim Pros Cons

DVR Smartphone +
Cardboard headset Dyslexic Students Psychometric tests

delivering

Accessible hardware

Low cost devices

Lack of
immersivity

IVR VR specific headset

Dyslexic and non
dyslexic students

Teachers

Supporting tools
assessment

Creation of an emphatic
experience of dyslexia

Completely immersive
experience

Improved capability of
data collection

Complex hardware
required

Expensive devices

4.2.3. New Version of the AI Assessment Module

In this second stage of BESPECIAL, not only the input data from clinical reports,
questionnaire and psychometric tests, but also the feedback from the VR tools assessment
module will be used to predict the best supporting tools for each dyslexic student. The AI
assessment module will thus have to be modified accordingly. Even if it is not possible to
design the new version of the module before knowing which these tools are and, thus, how
the VR module will evaluate them, the amount of data on which the AI will be trained is
expected to be great. Big data and DL techniques will therefore be likely to be employed,
to manage it and to build the predictor.

5. Results

At present, the interviews of dyslexic students have been carried out and the question-
naire has been created and released online. The following tables report the three groups
of questions that will be passed as input to BESPECIALBESPECIAL, that is, those con-
cerning the issues of dyslexic students (Table 2) and those concerning the tools (Table 3)
and the strategies (Table 4) considered helpful. Note that they are derived directly from
the information gathered through the interviews and that they will be presented to the
users in the form shown in Figure 7. To date, more than 800 answers to the questionnaire
in Italian have been collected. An analogous collection will be made in other languages,
namely, Spanish, English, French, Portuguese, Greek and Dutch, since the partners of the
VRAIlexia project are from countries where these languages are spoken. An extension
to further languages will be evaluated after the end of the project. Initially, the data will
be considered separately for each language. It has been shown, indeed, that the issues
related to dyslexia can change considerably from a language to another [87]. Nevertheless,
possible analogies will be investigated.

In addition to the answers to the questionnaire, a large number of clinical reports has
been collected and OCR has been applied to each, in order to extract useful data for the
AI module. By analyzing the reports, however, it was realized that, unfortunately, only
a few contain the necessary information about the issues and needs of people affected
by dyslexia. The vast majority are limited to a coarse division into wide categories like
“impairment in writing” or “impairment in reading”, etc., or even to a simple statement
about the presence or the absence of the disorder. Thus, it was decided to only use report
information to: (i) verify automatically if a subject is affected by dyslexia and, therefore, if
their answers to the questionnaire can be inserted in the AI training; (ii) make an initial
sketch of the categories in which AI will group dyslexic people together to provide them
ad hoc supporting material. These categories will then be refined by using the data from
the questionnaire and, later, also from the psychometric tests.
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Table 2. List of the questions about dyslexic students’ issues, asked within the BESPECIAL questionnaire.

Have You Ever Experienced One or More of These Issues during Your Academic Career?

Reading difficulties Text comprehension
difficulties

Uncommon words
understanding

Concentration difficulty
while studying

Concentration difficulty
during in-class lessons

Concentration difficulty
during online lessons

Verbal short-term
memory impairment

Verbal long-term memory
impairment (memory loss

during exams)
Study scheduling

Note-taking difficulties Lack of time to prepare exams

Table 3. List of the questions about the most useful supporting tools for dyslexic students, asked
within the BESPECIAL questionnaire.

Are One or More of These Tools Useful to Support You with Dyslexia Related Issues?

Audiobook with human voice Audiobook with artificial
voice Words in different colors

Clear layout of the
study material Highlighted keywords Digital concept maps

Digital schemes Summaries Digital Tutor

Use of images for words
memorization and

understanding

Use of images for
concepts memorization Audio recording of the lessons

Video lessons Integrating study material
using internet

Table 4. List of the questions about the most useful supporting strategies for dyslexic students, asked
within the BESPECIAL questionnaire.

Are One or More of These Strategies Useful to Support You with Dyslexia Related Issues?

Someone that reads the
study material Repeating studied material Study groups

Tutor
Participating or creating
students’ associations to

exchange information
On-line lessons availability

Pauses during lessons Lessons slides availability Recording lessons

Early availability of
courses programme

Dividing exams in multiple
shorter modules Only written exams

Only oral exams

A preliminary analysis was made on the collected data. A total of 807 students with
SLDs sent their clinical reports. Using the above-described approach with OCR, 114 of
them were discarded, since dyslexia did not appear among their disorders. The remaining
693 students completed the questionnaire, providing information about their difficulties
related to dyslexia (see Table 2) and the supporting tools and strategies they find useful
(see Tables 3 and 4). Figure A1 (hosted in Appendix A for better clarity) shows the results
about the importance given by the students to each issue they have encountered during
their university career. The first detachable fact is that low scores (less importance) are less
frequent than high scores (more importance). This demonstrates how dyslexic people, on
average, still experience a lot of difficulties in higher education and, thus, how supporting
them is of paramount importance. Further evidence comes from the number of answers
affirming that a specific issue is not present, which is always less than all the other answers
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for all the assessed issues. To better understand which are the most affecting issues, the
average score from 1 (very little experienced issues) to 5 (very much experienced issues)
was calculated for each issue and reported in Table 5 jointly with the percentage of students
that had not experience that issue.

Table 5. Average score of the experiencing of dyslexia-related issues, given by the students in the
questionnaire, from 1 (very little experienced) to 5 (very much experienced) and percentage of
students that has not experience them.

Issue Average Score Not Experienced by (%)

Reading difficulties 3.18 8.9%
Text comprehension difficulties 3.18 6.5%

Uncommon words understanding 3.30 7.2%
Concentration difficulty while studying 3.76 2.6%

Concentration difficulty during in-class lessons 3.07 7.5%
Concentration difficulty during online lessons 3.76 5.8%

Verbal short-term memory impairment 3.46 3.2%
Verbal long-term memory impairment 3.35 4.0%

Study scheduling 3.37 11.1%
Note-taking difficulties 3.32 7.2%

Lack of time to prepare exams 3.57 3.5%

It turns out that concentration is the most strongly striking difficulty, but only when
the students are alone, that is, while studying and during online lessons. The problem is
indeed less felt during lessons in the classroom. Verbal memory impairments also strike
quite strongly, especially in the short-term, as well as scheduling problems, which prompt
students to ask for more time to prepare the exams. Reading and text comprehension
difficulties are present, but weigh less significantly. This is probably because the majority
of the students have already found compensative learning strategies by university age.

In Figure A2 (see Appendix A), the results of the students’ self-assessment about the
most useful supporting tools within the list of Table 3 are reported. The average score
for each tool and the percentage of students that have not found it suitable for their need
are shown in Table 6. Highlighted keywords and a clear layout of the study material are
the supporting tools that best fit dyslexic students’ needs, followed by the use of images,
summaries, concept maps and schemes. This points out that classical study material,
generally consisting of books with long and visually monotonous texts, is likely to be a
considerable obstacle in presence of dyslexia, even at university age. A more straight-to-
the-point material, in which the basic concepts and their relations are summed up and
emphasized in a simple and clear way, alternative to large verbal explanations, should
thus be provided. Audio recording lessons have also been indicated as a useful supporting
tool, confirming that the auditory channel can be preferred to the visual one, as shown
in [52,53]. Despite all of this, in this case, a monotonous presentation is not helpful, as
the low score of audiobooks (which are generally less lively than the speech of a teacher
during a lesson) demonstrate. In particular, the use of audiobooks read by an artificial
voice obtained the lowest score and more than half of the students that participated in the
questionnaire have found it useless. This pairs with the 25.4% of unfavorable opinions by
the digital tutor in giving a clear indication of how interacting with machines instead of
human beings should be avoided when teaching people affected by dyslexia. It is worth
noting that using different colors for the words of a text, which is strongly recommended
in childhood [55,56], is still a helpful supporting tool at university age for almost 9 out of
10 people, but is less important compared to other tools.
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Table 6. Average score given by dyslexic students in the questionnaire to the usefulness of each
supporting tool, from 1 (very little useful) to 5 (very much useful) and percentage of students that
found it useless.

Supporting Tool Average Score Not Useful for (%)

Audiobook with human voice 3.25 26.8%
Audiobook with artificial voice 2.28 51.7%

Words in different colors 3.61 10.2%
Clear layout of the study material 4.02 4.6%

Highlighted keywords 4.24 2.5%
Digital concept maps 3.80 7.9%

Digital schemes 3.80 8.0%
Summaries 3.94 6.1%

Digital Tutor 3.34 25.4%
Use of images for words memorization

and understanding 3.90 7.1%

Use of images for concepts memorization 4.00 4.8%
Audio recording of the lessons 3.82 6.2%

Video lessons 3.67 9.2%
Integrating study material using internet 3.65 7.8%

The same analysis made for the supporting tools was also carried out for the support-
ing strategies listed in Table 4. Results are reported in Figure A3 (see Appendix A) and in
Table 7.

Table 7. Average score given by dyslexic students in the questionnaire to the usefulness of each
supporting strategies, from 1 (very little useful) to 5 (very much useful) and percentage of students
that found it useless.

Supporting Tool Average Score Not Useful for (%)

Someone that reads the study material 4.05 3.3%
Repeating studied material 4.16 2.7%

Study groups 3.39 11.0%
Tutor 3.56 10.4%

Participating or creating students’ associations
to exchange information 3.86 5.8%

On-line lessons availability 4.22 1.4%
Pauses during lessons 4.49 1.0%

Lessons slides availability 4.14 3.3%
Recording lessons 4.04 3.8%

Early availability of courses programme 4.15 2.5%
Dividing exams in multiple shorter modules 3.27 19.0%

Only written exams 3.17 15.3%
Only oral exams 3.69 13.3%

The very first observation that deserves to be made is that, on average, the score
achieved by supporting strategies is higher than the one achieved by supporting tools.
This fact highlights the necessity to combine both supporting methodologies in order to
be capable of helping dyslexic students during their academic career. Conversely, the
vast majority of approaches proposed until now [56–65] have only taken into account
digital tools, neglecting to also create, in parallel, a list of the best practices to be followed
to provide support to dyslexic students. The supporting strategies that obtained the
highest scores are taking pauses during lessons, hosting lessons online, repeating the
studied material and making the program and the slides of the course available, which
are considered useful by about 96 to 99% of the participants in the questionnaire. Having
someone read the study material and recording the lessons also achieved high scores. This,
again, underlines the importance of the auditory channel in the learning process of dyslexic
students. A lower score was obtained by tutors and study groups, even if about 9 of every
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10 students recognize a certain utility in such supporting strategies. Finally, oral exams are
preferred to written ones (3.69 points against 3.17) and dividing them into shorter modules
is not considered as fundamental (19% of the students thinks it is useless, a high percentage
compared to the other strategies).

6. Conclusions and Next Steps

In this paper, the conceptual design of a supporting software platform (BESPECIAL)
to help dyslexic students during their academic career has been presented jointly with
preliminary results. The functioning of BESPECIAL and its role within the wider project
(VRAIlexia), aimed at mitigating the difficulties encountered by dyslexic students at uni-
versity, have been addressed in detail, in order to show a proof of concept of the overall
methodology that will lead to its final implementation.

The platform takes as input the clinical reports of dyslexia, the answers to a self-
assessment questionnaire and the results of a battery of psychometric tests to extract useful
information about the issues and needs of dyslexic students at university. By relying on AI,
it will be capable of predicting automatically which of the supporting methodologies are
most suitable for each student, in terms of both best practices to be followed by teachers
and institutions and digital tools to make the study material more accessible, given the
difficulties they encountered during their academic career. A two-stage implementation of
the platform is planned. In the first stage, AI will be trained with a significant number of
the above-mentioned input data, so as to create a preliminary version of the predictor that
can be considered category-specific, since it will be based on statistical data. In the second
stage, each student will test the digital supporting tools and their reactions, improvements
and residual difficulties will be evaluated. The results of the evaluation will feed back the
AI, so as to improve the predictor by transforming it from category- to student-specific,
as strongly recommended by experts to most usefully support people with dyslexia. The
evaluation modules will be implemented in VR, given its capability to deliver material
in a more engaging way and, at the same time, to easily gather the required information.
This should help avoid problems such as reading impairments and lack of concentration,
which often strike people with dyslexia. VR will also be used to simulate the difficulties
encountered by them, in order to make teachers more conscious about the phenomenon
and allow them intervene in order to mitigate it.

At present, data from about 700 dyslexic students have been collected. A preliminary
analysis has been carried out and first results about the most severe difficulties and the
most helpful supporting tools and strategies have been obtained. In particular, concen-
tration when alone is the issue that most affects dyslexic students, followed by memory
impairments, especially in short-term and scheduling problems. Moreover, in general, all
the presented issues significantly affect (average score higher than 3 out of 5 for all of them)
the majority of dyslexic students (at least more than 88.9% of the students experience each
issues), highlighting that providing them with proper support is fundamental. Concerning
the supporting methodologies, highlighted keywords, a clear layout of the study material
and use of images, summaries, concept maps and schemes have been proven to be the
most useful tools, with an average score equal or higher than 3.8 out of 5. Conversely,
audiobooks read by artificial voices and digital tutors are considered useless by about 1 in
every 2 and 1 in every 4 students, respectively, underlining that interacting with machines
instead of human beings should be avoided. Taking pauses during lessons, hosting lessons
online, repeating the studied material and making the program and the slides of the course
available, instead are considered the most suitable supporting strategies (average score
higher than 4 out of 5) and should, thus, be taken into account as the best practices to follow.
Furthermore, the auditory channel should be exploited more, by automatically or manually
recording lessons, using audiobooks with a human voice, having someone read aloud the
study material and preferring oral exams to written ones. Finally, it is worth noting that
supporting strategies obtained, on average, a higher score than supporting tools. This
should prompt us to overcome the numerous approaches that have relied exclusively on
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digital tools and have not proposed any best practices to be shared with institutions and
teachers. Such results will be exploited as useful guidelines to improve the conceptual and
technical choices that will be made for the final implementation of BESPECIAL.

The next implementation step will be the training of the AI module responsible for
the automatic prediction of the most useful tools and strategies, which will be performed
once further data are available. The tools will be digitalized in the meantime. Then, the
development of the second and last stage will begin by adding the VR functionalities to
deliver psychometric tests and assess the digital tools.

Future work will concern the extension of the platform to several languages and to
scientific disciplines and the support to other SLDs, aiming at reaching a full inclusion
of all students in academic life. In addition, the data collected through the questionnaire
about demographical characteristics and dyslexia history of the students will be exploited
both to create social statistics to be widespread, in order to raise awareness on dyslexia
phenomenon, and to perform further analysis that may improve the AI predictor.
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Appendix A

This appendix hosts some of the figures mentioned in Section 5, which are quite large.
They have been thus reported here for the sake of clarity.
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