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Abstract

Dyslexia is a neurodevelopmental disorder that significantly affects cognitive abilities, par-

ticularly in areas such as reading, memory retention, and attention span. Individuals with

dyslexia often struggle with fluent reading, accurate word recognition, and spelling, which

can impede their academic performance and self-confidence. Additionally, dyslexia com-

monly coexists with other neurodevelopmental disorders, such as autism spectrum disorder

and attention-deficit/hyperactivity disorder. This comorbidity can compound learning chal-

lenges, making educational progress more complex and requiring a multifaceted approach to

support. Early diagnosis is crucial, as numerous studies have shown that identifying dyslexia

in childhood allows for timely intervention. Early interventions often enable children to ac-

cess specialized tools and strategies that can alleviate or mitigate some of the difficulties

they encounter in the classroom and daily life. However, in cases where diagnosis is de-

layed or missed entirely, individuals are left without formal support, which heightens the

importance of alternative support tools and strategies to aid in their learning. To address

these challenges, research efforts are increasingly focused on determining the most effective

support mechanisms. One promising area is artificial intelligence, which has shown potential

to transform the way dyslexia is diagnosed and managed. Artificial intelligence can provide

precise, individualized assessments, which can then guide the creation of custom support

tools tailored to each student’s unique needs and learning profile. However, most existing

studies concentrate on adolescent students, often neglecting the unique challenges that uni-

versity students with dyslexia face. In response to this gap, the VRAILEXIA project was

founded. This initiative seeks to combine the immersive capabilities of virtual reality with the

diagnostic and adaptive powers of artificial intelligence to develop innovative, personalized

study aids. These tools are intended to address the specific needs of each student, helping

them navigate their educational journey more effectively. This thesis will delve into the

various studies conducted design methods to help dyslexic students, analyzing the method-

ologies used and discussing the insights and outcomes achieved. Through this exploration,

the goal is to highlight the potential of artificial intelligence in creating a more inclusive and

supportive educational environment for individuals with dyslexia
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Chapter 1

Dyslexia: origins, characteristics and

methods of intervention

1.0.1 Specific Learning disorders

Specific Learning disorders (SLDs) are a group of neurodevelopmental disorders characterized

by a persistent impairment in learning academic skills such as reading, writing and math-

ematics but do not compromise global intelligence [86]. In the Diagnostic and Statistical

Manual of Mental Disorders (DSM-5), it is reported that around 5% to 15% of school-aged

children from different languages and cultures have a SLD [2] and the prevalence is equally

distributed among males and females [115]. Over the years, various factors have emerged

that can be considered as possible causes of SLD. In [104], it was proposed that the SLD is

mainly caused by a deficit in phonological processing. This theory suggests that dyslexics

have an impairment in the representation, storage or retrieval of speech sounds. In order to

learn to read an alphabetic system, grapheme-phoneme correspondence (the correspondence

between letters and constituent sounds of speech) must be learned. Therefore, if the subject

has a difficulty in representing, storing or retrieving the grapheme-phoneme correspondence,

reading will be negatively affecte [119]. Indeed, a study showed that 100% of all the people

considered in the study had a phonological deficit while the influence of visual, motor and

auditory deficits is limited [105]. Another possible cause for the SLD disorder is the deficit in

the perception of short or rapidly varying sounds [123]. This means that the auditory system

fails to process the sound and, as a consequence, dyslexics develop a phonological deficit.

Another theory is that the SLD are caused by magnocellular system disorders [121]. This

theory implies that, in SLD subjects, the magnocellular pathway, responsible of responding

to rapid visual changes in stimulation, has a reduced sensitivity. As a consequence, people

with SLD have difficulties in cognitive areas such as reading and word recognition.
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These theories however, propose ”core deficit” symptoms and secondary symptoms [91],

a view that has been criticised [22]. Indeed today, a wide agreement has been reached on

the fact that SLDs have a multifactorial origin [12]. Following this assumption, Wolf [137]

introduced the concept of a ”pyramid” to describe reading behaviors (as shown in Figure 1.1.

This model can be visualized as an iceberg, where the visible tip represents the observable

difficulties children experience. These difficulties, influenced by environmental factors such

as education and socio-cultural context, can appear despite the child’s overall good cognitive

abilities and may affect reading or other basic learning skills. The hidden portion of the

pyramid includes the fundamental cognitive processes—such as perception, language, motor

skills, memory, and attention—as well as executive functions. These processes influence

performance as measured in neuropsychological evaluations. The complexity and variety of

these processes and their interactions explain how similar symptoms (such as difficulties in

reading or writing) can arise from different causes and combinations of factors. Deeper within

the pyramid are the neural networks, composed of neurons and their synaptic connections.

At the very foundation of the pyramid lies the genetic basis, which governs the development

of body cells in conjunction with the individual’s specific life environment.

Several studies show that SLDs have a genetic origin. It has a relatively strong heritability

component, and usually, 40% to 70% of SLD subjects inherit the genes from family members

[49]. Indeed in [21], the authors studied the genes of 37 subjects with SLD, 21 of whom

were young subjects with SLD. 15 gene candidates were considered and, among those, a

single-nucleotide polymorphism (SNP) variant was found in the DGKI, DIP2A, KIAA0319

and PCNT genes. In all cases the mutation was transmitted by one of the two parents

who reported having language difficulties. The genetic framework of SLDs is intricate and

involves a blend of genetic elements that contribute to an individual’s vulnerability to these

conditions. Important features include its polygenic nature, the presence of both common

and rare variants, which frequently converge on particular biological pathways and networks

associated with brain development, neurotransmitter function, and neuronal communication

[21]. Over the last decade, various candidate genes have been discovered that may influence

the risk of developing SLD. These genes are DCDC2, DYX1C1, KIAA0319, and ROBO1

and are thought to be involved in crucial biological processes, including neuron migration

during brain development [34]. These genes are believed to regulate neuronal migration

and the growth of dendrites and axons by influencing primary cilia formation and function.

This suggests that the predisposition to SLD might be considered the least severe expression

within a spectrum of neuronal developmental disorders, which at its most extreme, leads to

significant brain malformations and profound intellectual disability.

Although the genetic predisposition to SLD exists from birth, the manifestations of these
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Figure 1.1: The Pyramid of reading behaviors proposed by Wolf in 2007. This theory better
represent the complexity of SLD and their cognitive difficulties.
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disorders often become more apparent during the school years. While some signs may be

noticeable in the preschool years or even earlier, it is typically during formal education

that children exhibit significant difficulties in areas such as reading, writing, comprehension,

number perception, and calculation [90]. These challenges frequently result in academic

performance that falls below the expectations for their age, highlighting the impact of SLD

on educational attainment. drag the child’s academic performance below what would be

expected for his or her age.

Based on the type of impaired cognitive ability, it is possible to distinguish between

several specific learning disabilities: dyslexia, dyscalculia, dysgraphia, and dysortography.

Dyslexia is characterized by difficulties in reading, including trouble with accurate or fluent

word recognition and poor spelling abilities. Dyscalculia involves challenges with arith-

metic operations, such as understanding numbers, learning how to manipulate numbers, and

performing mathematical calculations. Dysgraphia affects writing abilities, manifesting in

problems with spelling, poor handwriting, and difficulty putting thoughts on paper. Dysor-

tography refers to specific difficulties in writing, particularly with spelling and constructing

grammatically correct sentences. Among these disorders, dyslexia has the highest prevalence

[131]. As a consequence, dyslexia has been the most studied among the SLDs and was the

focus of our works. Through time, four main theories have been proposed to explain the

origins of dyslexia. The most widely accepted theory is the phonological theory [110], which

posits that the cognitive deficits experienced by dyslexic individuals are primarily caused by

poor phonological skills, including difficulties with phonemic awareness and limitations in

short-term memory. As a proof for this hypothesis, several studies have demonstrated that

dyslexics have impairments in both word and non-word repetition, suggesting a short-term

memory deficit which is associated to a poor phonological representation [103]. In addition,

imaging studies have revealed that phonological impairments in individuals with dyslexia are

related to notable irregularities in both brain connectivity and cortical structure, especially

within the language network of the left hemisphere [138]. This theory highlights the chal-

lenges in processing the sounds of language as the core issue in dyslexia. Another theory is

the visuo-spatial hypothesis [128], which emphasizes the role of visual processing deficits in

dyslexia. According to this hypothesis, dyslexic individuals have a reduced perceptual span

and slower visual information processing speeds, making it difficult for them to efficiently

decode written text. The cerebellar theory offers a different perspective, suggesting that the

phonological deficits seen in dyslexic individuals are actually a result of motor deficits [43].

This theory implicates the cerebellum, a brain region traditionally associated with motor

control, proposing that impairments in this area affect the articulatory coding required for

reading. Finally, the auditory hypothesis suggests that dyslexia is primarily caused by an
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auditory deficit [122]. According to this theory, difficulties in processing auditory informa-

tion lead to problems with categorical perception, the ability to distinguish between different

phonetic categories, which is crucial for reading development.

These theories highlight the complex interplay between different cognitive and neurolog-

ical factors in dyslexia, emphasizing how deficits in areas such as articulatory coding and

auditory processing can disrupt reading development. However, dyslexia rarely exists in iso-

lation. It is increasingly recognized that there is a high comorbidity of dyslexia with other

neurodevelopmental disorders, such as ADHD and autism [16]. Regarding the comorbidity

between dyslexia and ADHD, it has been estimated that around 20% to 40% of children

with ADHD also have dyslexia [50]. Several studies have identified common genetic patterns

between the two disorders. In particular, some of the genes involved were the DYX1, 2, 4,

5 and 8 [30]. These genetic similarities may explain similar brain abnormalities as revealed

by neuroimaging studies. For instance, in both dyslexic and ADHD subjects it was found a

reversed asymmetry of different hemisphere structures such as the planum temporale, cau-

date nuclaus and frontal lobes. Moreover, lower cerebellar volumes and less gray matter

volumes were found in both dyslexic and ADHD subjects [50]. The genetic and brain ab-

normalities may explain why some cognitive deficits are shared between dyslexic and ADHD

subjects. For instance, in both these disorders the sustained and selective attention is re-

duced, resulting in a higher difficulty in concentrating for long. This may reflect a deficit

in working memory and processing speed, negatively influencing tasks like reading, writing

and problem-solving [73]. In contrast to ADHD, where attentional deficits are most promi-

nent, the comorbidity between dyslexia and autism typically presents challenges in social

communication, rigid thinking, and sensory and language processing [16]. These difficulties

are linked to anomalies in specific genes, particularly DYX2 and DRD2, which are found in

individuals with both dyslexia and autism [37]. These genetic factors may play a significant

role in the cognitive challenges associated with these disorders.

For instance, individuals with this comorbidity often experience heightened difficulty

with phonological processing, a core issue in dyslexia that affects their ability to decode

words and read fluently. A similar challenge is intensified in autistic subjects by difficulties

in understanding and producing language within social interactions, making communication

particularly difficult. Sensory processing issues are shared between dyslexia and autism.

While autistic individuals may experience sensory sensitivities that make certain environ-

ments overwhelming, those with dyslexia may struggle with auditory processing difficulties,

especially in noisy settings. This dual sensory challenge can make traditional learning envi-

ronments particularly challenging, requiring tailored interventions that address both sensory

and cognitive needs.
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The recognition of dyslexia’s frequent comorbidity with other neurodevelopmental disor-

ders, such as ADHD and autism, underscores the complex dynamics of genetic and neurolog-

ical factors that greatly contribute to the the cognitive challenges faced by individuals with

dyslexia. These overlapping deficits in areas like attention, reading, social communication,

and sensory processing can significantly hinder a person’s ability to succeed in academic

and social environments. In addition, people with dyslexia can have poor mental health by

having an increased risk of developing generalized anxiety [77], low self-esteem [92], and de-

pression [89]. Given the wide-ranging difficulties that dyslexia can impose, especially when

compounded by other disorders, a timely diagnosis becomes of utmost importance. Early

identification allows for the implementation of targeted interventions that can address these

multifaceted challenges, ultimately improving long-term outcomes for those affected.

1.0.2 The diagnose of dyslexia

Given all the difficulties that can be encountered by children with dyslexia, it appears evident

how crucial it is to perform an early screening and diagnosis that can lead to identifying the

best support measures. To favor this process, schools and professionals should intervene as

soon as possible, in order to mitigate the potential disparities between dyslexic children and

non-dyslexic children. Indeed, when screening is done in kindergarten and the appropriate

support is given, the outcome is better [127] compared to children diagnosed later in life [74]

or in adolescence [130]. Therefore, early screening can favor appropriate support that can

help to mitigate the cognitive symptoms as well as improving the psychological well-being

of individuals affected by dyslexia. Early screening and diagnosis is usually performed using

different cognitive tests aimed at evaluating specific cognitive abilities that may be impaired

in dyslexic children.

Cognitive tests

The most common method used to diagnose dyslexia, is the application of cognitive tests

[112]. These tests are generally composed of a set of pre-selected items designed to measure

specific psychological traits and cognitive abilities in the individual tested. Through cognitive

tests, it is possible to examine general cognitive abilities using the Wechsler Adult Intelligence

Scale (WAIS) for adults or the Wechsler Intelligence Scale for Children (WISC) [134] for

children, as well as specific cognitive abilities such as verbal and phonological processing

[101], mental disorders such as depression [63], and psycho-physical traits such as stress [54].

As mentioned earlier, it is preferable to screen and diagnose dyslexia as early as possible in

order to provide the necessary support. To this end, several tests of varying lengths have

13



CHAPTER 1. DYSLEXIA: ORIGINS, CHARACTERISTICS AND METHODS OF
INTERVENTION

Test Age Cognitive abilities tested

DEST [42] 4-6 years old
phonological skills, reading,
spelling, motor skills,
short-term memory

BDT [84] 7 years old to adulthood
reading, spelling,
phonological processing,
memory and motor skills

LSC-SUA [26] 18 years old to adulthood
reading, writing, comprehension,
mathematics

DAST [41] 16 years old to adulthood
reading, spelling, motor skills,
memory

BDA [25] 16 years old to adulthood reading, writing and comprehension

Table 1.1: Brief summary of the presented pen-and-paper cognitive tests used to diagnose
dyslexia.

been created, as shown in Table 1.1.

An example of a dyslexia screening test is the Dyslexia Early Screening Test (DEST). This

test evaluates various tasks including rapid naming, phonological discrimination, digit span,

letter and digit naming, motor skills, and postural stability. Each child is assigned a score

that indicates a ”high risk,” ”moderate risk,” or ”neutral” risk to be dyslexic. At-risk children

are referred to psychologists to administer additional tests in order to produce a timely

diagnose of dyslexia. Another well-known test for assessing dyslexia is the Bangor Dyslexia

Test (BDT). Since dyslexia is considered to arise from phonological processing deficits rather

than literacy skills, the BDT focuses on skills that require verbal and phonological processing.

The test is designed to be an easy-to-administer screener for children from 7 years old to

adults and consists of 10 subtests that do not directly assess reading and spelling skills. For

instance, one substest measures the awareness of left and right using body parts, another

one tests the ability to repeat polysyllabic words such as ”foreboding”, ”passionately” or

”apprehensively”. Other subtests is focused on reciting the months of the year in the correct

order and in reverse or repeating digits in the correct order on in reverse. All of these

subtests allow to have an indirect understanding of crucial cognitive skills such as verbal

working memory, attention, spatial awareness and arithmetic skills.

If dyslexia is not detected during childhood, it is important to perform a diagnosis as soon

as possible. This is why some tests have been developed to assess dyslexia in adolescents and

adults. The cognitive development and strategies used by dyslexic individuals to compensate

for their difficulties may differ between children and adults, requiring tests that are tailored

accordingly [69]. Examples of widely used tests for adolescents and adults include the LSC-

SUA, the Adult Dyslexia Battery, the BDT, and the Dyslexia Adult Screening Test (DAST).
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These tests are designed to evaluate dyslexia in the age range of adolescence to adulthood and

assess specific skills negatively affected by dyslexia, such as reading, writing, comprehension,

and memory. For instance, the LSC-SUA test is divided in 4 areas such as reading, in which

the subject has to read a text, words and non-words; comprehension, involves questions

about two different texts; writing of words and numbers and calculus. The BDA investigates,

thanks to different tests, the reading ability and flexibility of the testee during silent and

vocal reading, it’s writing skills and comprehension abilities. It consists of different reading

tests, such as words, non-words, text and silent reading; two writing tests such as dictate

texts and sentences and one comprehension assessment.

While the BDT focuses more on verbal and phonological processing, the DAST has a

broader scope, as it assesses not only reading and verbal fluency but also postural stability,

working memory, non-verbal reasoning and semantic fluency. The last two assessments

measure the relative strengths of the testee and this serves two purposes, on one hand,

allows to avoid deliberate underperformance from the testee, hence decreasing the diagnostic

ability of the test, and on the other hand, allows a more representative understanding of the

weaknesses and strengths of each individual.

Neuroimaging

The tests described earlier are useful for assessing the cognitive difficulties caused by dyslexia.

However, they provide an incomplete understanding of the effects of dyslexia on brain mor-

phology, structure, and functioning. To investigate the neural correlates of dyslexia and

potentially find new ways to diagnose it, a widely used method is the magnetic resonance

imaging (MRI) or the functional magnetic resonance imaging (fMRI) [85]. MRI is a non-

invasive imaging technique that examines the morphology of the brain through the use of

magnetic fields [93], while fMRI analyzes the differences in blood oxygenation to assess brain

activity [72].

MRI studies have revealed that dyslexic individuals have decreased brain volume and

reduced gyrification compared to non-dyslexic individuals [24]. One indicator of brain volume

is gray matter volume, which represents the amount of nervous cells involved in routing and

analyzing stimuli in the central nervous system [100]. In dyslexic individuals, gray matter

volume is reduced in the left temporal lobe, frontal lobe, thalamus, and cerebellum [17]. Gray

matter abnormalities in dyslexia have also been studied in relation to age and sex differences

[38]. The study examined four groups: 28 men (mean age 43 years), 26 women (mean age 34

years), 30 boys (mean age 10 years), and 34 girls (mean age 10 years). The men exhibited

reduced gray matter volume in the left temporal gyrus and right supramarginal gyri, while

the women showed reduced gray matter in the medial frontal gyrus. The boys had decreased
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gray matter in the left inferior parietal cortex, and the girls had reduced gray matter volume

in the right central sulcus and left primary visual cortex.

While brain morphology provides useful information for diagnosis, it does not directly

reveal brain activity. However, fMRI can be used to study brain functioning. For example, in

a study [129], a functional disconnection of the left occipito-temporal cortex was observed in

children with dyslexia. fMRI has also provided evidence supporting the theory that dyslexic

children have a specific deficit in phonological processing [118]. In Temple et al.’s study

[124], phonological processing was examined in a group of 15 dyslexic children compared to

a group of 24 non-dyslexic children. The authors not only reported a phonological processing

deficit in dyslexic children but also reduced activity in the left-hemisphere temporo-parietal

area, consistent with existing literature [114, 18].

In addition to assessing brain activity, fMRI has been used to detect abnormalities in

cognitive skills such as working memory [36], attention [27], mathematics [5], and problem-

solving [3]. These skills can be negatively influenced by dyslexia. For example, in [10],

dyslexic and non-dyslexic children were compared in three working memory tasks. The

dyslexic group showed significantly impaired performance compared to the control group.

Although both groups exhibited similar patterns of brain activation, the intensity of acti-

vation differed. The control group showed greater activity in the left cerebellum, middle

frontal gyrus, and superior parietal lobule. This suggests that the intensity of activation,

rather than the pattern of activation, may contribute to working memory deficits in dyslexic

individuals.

The benefits of using fMRI are not limited to potential dyslexia diagnosis but also extend

to monitoring the effects of treatment. Early screening and diagnosis of dyslexia are crucial

for implementing necessary support tools and services. However, it is essential to validate

the efficacy of these tools and potentially redesign treatments to enhance their effectiveness.

fMRI can be utilized in this process. In a study [107], 18 children with dyslexia and 21

without dyslexia were examined during a phoneme mapping task. Children with dyslexia

exhibited altered functional connectivity in the left inferior gyrus and its correlations with

the right and medial frontal gyrus, right frontal gyrus, and right supplemental motor area.

However, when dyslexic children participated in a 3-week program aimed at enhancing lin-

guistic awareness, decoding, and spelling, these functional differences were nullified, indicat-

ing that treatment can produce functional benefits for dyslexic children. Another example

of fMRI being used to monitor the effects of treatment on the brain can be found in [47].

The brain activation of a group of dyslexic children was compared to that of a group of

non-dyslexic children while listening to rapid and slow acoustic stimuli. The non-dyslexic

children showed a transition of activation in the prefrontal cortex between rapid and slow
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stimuli, which was not observed in the dyslexic group. Interestingly, after an 8-week program

designed to enhance linguistic and phonological processing, the dyslexic group exhibited the

same activation pattern found in the control group. These findings demonstrate the utility

of fMRI for both potential diagnosis and monitoring of dyslexia treatments.

EEG

The electroencephalogram (EEG) is utilized to assess brain activity, with a particular focus

on its temporal dimension [67]. Temporal information is a crucial parameter that provides

insights into neuronal communication [125] and offers valuable perspectives on the function-

ing of dyslexic brains. For instance, in [4] analyzed the brain activity of 19 dyslexic children

and 19 non-dyslexic children during various language tests, including rapid letter naming,

phoneme detection, spelling, and articulation. The authors discovered that the dyslexic

group exhibited increased slow activity in the frontal and temporal regions of the brain

compared to the control group. These differences were interpreted as potential compen-

satory mechanisms employed by dyslexic individuals to overcome their difficulties [4]. This

finding aligns with other studies that have also highlighted the presence of compensatory

mechanisms in dyslexia [106].

Neuronal networks oscillate in different frequency bands, including delta (0.5-4 Hz), theta

(4-7 Hz), alpha (8-12 Hz), beta (13-30 Hz), and gamma (above 30 Hz) [20]. Several studies

have consistently reported abnormalities in these oscillations, which can be used to diagnose

dyslexia. Dyslexic individuals tend to exhibit increased delta and theta oscillations, while

beta and alpha oscillations are decreased [96]. These differences in oscillatory activity suggest

delayed cerebral maturation and specific phonological processing deficits in dyslexia [60].

EEG can be combined with functional magnetic resonance imaging (fMRI) to gain a more

comprehensive understanding of brain activity. This combination overcomes the limitations

of each technique, as fMRI lacks temporal resolution, while EEG lacks spatial resolution [82].

Grunling et al. employed this integrated approach to analyze a group of dyslexic children

and a control group during a pseudoword rhyming task [52]. The results revealed reduced

amplitudes and latencies in fronto-central and temporo-parietal areas of dyslexic children,

indicating phonological processing deficits [52]. Furthermore, fMRI data showed dyslexia-

specific overactivation in the inferior frontal region, which corresponded to the phonological

deficit observed in the EEG findings [52].

Lehongre et al. investigated auditory cortical oscillations and activations in dyslexic

individuals and control subjects using EEG and fMRI [71]. The study revealed distinct

patterns of dominant gamma oscillations in the left hemisphere and prevalent delta-theta

oscillations in the right hemisphere in the control group. In contrast, dyslexic individuals
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exhibited disrupted distinctions in these oscillatory patterns, suggesting altered auditory

processing in dyslexia [71].

In summary, EEG provides valuable insights into brain activity, particularly its tem-

poral aspects. Dyslexic individuals often exhibit deviations in neuronal oscillations, which

contribute to our understanding of the phonological deficits observed in dyslexia. The com-

bination of EEG and fMRI offers a holistic perspective by integrating temporal and spatial

information, enabling a comprehensive exploration of dyslexia-related neural mechanisms.

These advanced techniques help unravel the complex nature of dyslexia and provide valuable

insights for diagnosis and potential interventions [82].

Eye-tracking

Dyslexia, characterized by a significant reading deficit, can be better understood by study-

ing the connection between visual attention and eye movement during reading, which can

aid in the development of new screening and diagnostic methods for specific learning dis-

orders like dyslexia [113]. Studies utilizing eye-tracking technology have demonstrated that

dyslexic individuals exhibit distinct saccade patterns compared to non-dyslexic individuals

[31, 75], including single fixations for a limited number of words, multiple fixations for other

words, and modulation of gaze duration based on word length [8]. These differences may

be attributed to oculomotor deficits [65], which could explain the impaired visuo-attentional

processes observed in dyslexics [8]. These deficits are at the core of the ”sluggish attentional

shifting” hypothesis [55], which proposes that once dyslexic individuals fixate their attention,

it becomes difficult for them to disengage and shift their attention elsewhere. This atten-

tional deficit extends to various sensory modalities, as dyslexic children demonstrate deficits

in orienting and focusing spatial attention across auditory and visual domains [39]. These

difficulties have a detrimental impact on phonological representation, which is considered

the primary deficit in dyslexia [94].

1.0.3 Technologies to support dyslexic students

In the previous section, the importance of a timely and effective diagnosis was emphasized.

This is crucial because dyslexia introduces a range of challenges that extend beyond cognitive

impairments to impact the psychological well-being of those affected. Early diagnosis is key,

as it can help reduce the disparities between dyslexic and non-dyslexic children. However,

when diagnosis occurs later in life or is missed altogether, it becomes essential to employ

support tools to assist dyslexic individuals in managing their difficulties. Many of these

support tools are digital, such as specialized fonts designed to aid reading or text-to-speech
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features that allow users to listen to written content. In the following sections, the use of

digital tools in education will be discussed, followed by an in-depth exploration of how these

tools specifically benefit dyslexic individuals.

Digital tools in education

In today’s rapidly evolving educational landscape, digital tools have emerged as powerful

catalysts for transforming the way students learn and educators teach. Traditional classroom

teaching does not provide an immediate learning environment, faster assessment and greater

engagement. In contrast, digital learning tools and technology fill this gap. Therefore, these

tools have become integral components of modern education, reshaping traditional methods

and offering innovative solutions to long-standing challenges [29]. As technology continues

to impact the learning environments, it brings with it a host of benefits that provide help to

subjects with different learning styles, abilities, and needs. From interactive software that

enhances student engagement to adaptive learning platforms that personalize education,

digital tools are redefining what is possible in the classroom and beyond [48]

An example of a digital tool is the e-learning. E-learning is the application of information

and communication technologies to favor web-based, computer, digital or online learning [81].

This tool brings several benefits to the students, for instance it allows the creation of self-

directed learning tools. In [68], the authors created an e-learning module to assist master

and post-graduate students in developing their knowledge before enrolling in a course. The

e-learning module consisted of audiovisual presentation, graphical theme, animations and

case-based learning. The results show that the e-learning module increased the engagement

of the students as well as their learning outcomes. Another significant benefit of e-learning

is the ability to revisit and repeat content. In traditional classrooms, students must absorb

what the lecturer explains while simultaneously taking notes. Once the lecture ends, students

are left with only their notes to review, missing out on the full lecture content. In contrast,

e-learning platforms often provide tools like repositories with recorded lectures, enabling

students to interact with and review the material as many times as they wish. Moreover,

recorded lectures accommodate various learning styles. For instance, some students learn

more effectively in the evening [98], a time when traditional classes are unavailable, whereas

online content can be accessed at any time. Additionally, e-learning offers the flexibility

to adapt content to various curricula, allowing it to meet the specific needs of different

educational programs.

Another type of digital tool available to students is the smartphone and tablet. These

devices offer important benefits such as portability, widespread use and access to the internet,

granting therefore the access to e-learning platforms. Its wide acceptance among young
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people have made mobile devices an emerging tool capable of expanding the frontiers of

education beyond the classroom. Research on the possible uses and potentialities of mobile

technologies is growing. For instance, in [28] the author designed an application for tablet

to support elementary students in their learning of the concept of angle. The students

used their devices to identify and photograph angle- like shapes that appeared in their

environment (for example in a tree stump or in the corner of a table); the students then

analyzed these images using the application contained in their tablets. In this way the

students analyzed whether the angles that occurred in their physical environment actually

conformed to the mathematical properties of an angle. The result of this method is that

the students reported a greater understanding of the concept of angle and also payed more

attention to the mathematical properties rather than to their visual appearance. In another

study [136], the authors created a mobile phone game, ”MobileMath”, to allow students to

learn geometry. This game is location-based and uses the GPS the track the movements

of the users. The scope of the game was to create and explore the quadrilaterals and their

properties on a real playing field outside the classroom. The researchers found that certain

features of this game (like the fact that the game in itself as a whole is competitive) result

in quite an engaging experience for the students; in addition, the game allows students to

notice geometrical aspects of the real world.

Massive Open Online Courses (MOOCs) are among the most popular types of e-learning

platforms. MOOCs typically employ a multimedia format, utilizing various resources, most

commonly in the form of concise videos focused on specific topics with clearly defined learning

objectives. A notable feature of MOOCs is the opportunity they provide for students to

connect and collaborate with their peers. This interactive aspect allows learners to ask

questions about concepts that may be unclear, exchange additional resources, and enhance

their overall learning experience. A significant advantage of MOOCs is that they usually do

not impose a limit on the number of participants and are accessible to anyone interested in

acquiring knowledge on a particular subject. Participants have the freedom to engage with

as much or as little of the course content as they choose [15]. Furthermore, MOOCs can serve

as supplementary material for topics covered in traditional classrooms, offering learners the

chance to understand the same concepts from different perspectives, as explained by various

instructors. A practical example of integrating a MOOC into traditional classroom settings is

discussed in [59]. In this instance, 26 students participated in a MOOC designed to introduce

them to the fundamentals of databases. Alongside this online course, they also attended an

on-campus computer science class. In the physical classroom, the teacher concentrated on

facilitating in-class activities, overseeing projects, conducting assessments, and addressing

specific student queries. The findings indicate that most students engaged with at least half
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or the entirety of the online course, and the time they spent with study materials increased in

this blended learning environment compared to conventional classroom teaching. In another

study [59], over 15,000 students enrolled on three college preparatory MOOCs, covering

remedial algebra, college-level algebra and college-level statistics. This study included both

matriculated and non-matriculated students. The results show that matriculated students

generally performed better than non-matriculated ones. Success was linked to student effort,

particularly in completing problem sets and watching video lectures. For the statistics course,

passing rates correlated with the amount of video content viewed, with students needing to

watch over 223 hourse to have a 50% chance of passing.

As the benefits of MOOCs in enhancing student learning experiences continue to be as-

sessed, another advanced digital tool is garnering significant attention in the educational

field—virtual reality (VR). VR technology, as described by [83], allows users to be ”fully

immersed in, interact with, and experience in real-time a three-dimensional simulated envi-

ronment that can represent realistic or imaginative scenarios”. By utilizing VR, educators

are able to present educational content to students in an entirely new and captivating way.

For instance, [40] discusses the development of VR-based software designed to aid medical

students in understanding the anatomy of the heart using 3D models. In this study, students

engaged with the VR system to virtually dissect different heart structures, enabling them to

explore the various components of the heart in detail. They could interact with the models

by rotating, enlarging, and minimizing the heart’s structures. After the VR sessions, stu-

dents were administered a 25-question quiz. The findings revealed that students displayed

significantly higher levels of engagement compared to traditional textbook-based methods

and exhibited a deeper comprehension of heart function. Another study by [1] involved 48

engineering students using VR to learn engineering concepts and the mathematical principles

behind the operation of specific engine parts. Following these sessions, students completed

quizzes that tested their mathematical skills and understanding of the concepts covered in

the VR lectures. The results demonstrated that the use of VR substantially enhanced the

students’ performance compared to those who did not utilize the VR tool. Specifically, the

heightened level of immersion provided by VR enabled students to visualize the individual

components of engines and progressively grasp how these parts interact, thereby enhancing

their overall understanding.

This section provided an overview of the digital tools currently being explored to support

students in their learning journey. The studies cited here demonstrate that the integration

of these new technologies can significantly accelerate students’ learning across various disci-

plines. Consequently, digital tools are also being employed to assist students with neurode-

velopmental disorders, such as ADHD, autism, and dyslexia. Beyond boosting the learning
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rates of students facing challenges, these tools also contribute to narrowing the gap between

students with neurodevelopmental disorders and their neurotypical peers, thereby fostering

a more inclusive educational environment.

Digital tools in dyslexia

Dyslexia is characterized by a constellation of deficits that not only include cognitive dif-

ficulties but also psychological ones. For this reason, the use of digital tools to support

dyslexic students is currently being investigated. As an example, e-learning represent a valid

option in the creation of supporting tools for education. This is also true for children with

dyslexia. For instance, in [99], the authors designed a web-based e-learning platform aimed

at improving the reading difficulties of dyslexic children. The platform was composed of six

major modules such as the learner profile module, the content repository module , learner

goals module, the assistive learning engine module, the transformation base module and the

monitoring module. Based on the learning goals and the learner profile, the content was

transformed, through the assistive learning engine, into a format that suited the best the

user. This tool was positively valued by dyslexic children and represent an attempt to cus-

tomize the learning experience of users with SLDs. A major limit of this platform, however,

is that it only focused on the reading difficulties of dyslexics. The main disadvantage of the

platform was that it was focused only on the reading difficulties of dyslexics, while it did not

take into account the other difficulties that dyslexics can experience. In [11] however, the

authors designed a platform that considered the characteristics of each learner. The system

indeed, took into account several factors such as the learner cognitive profile, learning style

preference, learning goals, specific difficulties, the most frequent errors that the user does.

By testing the platform on children with and without dyslexia, the authors observed that

the children with dyslexia had different profiles with respect to the errors done, the learn-

ing goals and preferred learning style. This work confirms the importance of a customized

e-learning environments to help dyslexics to mitigate some of their issues.

Another promising tool discussed in the previous section is the smartphone. Indeed,

its ease of use and widespread adoption make the smartphone a useful device for reaching

as many dyslexic children as possible. In addition, the use of smartphones does not only

facilitates a wide screening but also offers a potential engaging platform to improve the

cognitive difficulties encountered by dyslexics. For instance in [6] the authors developed a

mobile application to screen and train individuals with dyslexia and dysgraphia. The sub-

jects had to read and pronounce 15 words and had to write 15 numbers with increasing

levels of difficulty. The mobile application then, compared the progress made during the

time and provides feedbacks to the users. In another work [117], children were trained in
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four categories using mini-games: ”word” category with the goal of supporting the children’s

reading skills and enrich their vocabulary, ”numbers” category which focuses on supporting

the mathematical abilities of the children, ”memory” category aimed at improving children’s

short-term memory and attention and, lastly, the ”book” category with the goal of strength-

ening children’s concentration through reading and increase their interest in reading. The

results showed that most of the users had higher performance compared to their perfor-

mance before the training phase. Also, they no longer needed a constant assistance when

reading or writing since their word recognition and phonological decoding improved. Similar

results were found in [13], where a mobile game application was designed as an alternative

method to support dyslexic students in three cognitive domains that are usually negatively

affected, visual, auditory and working memory. The application demonstrated to be an effi-

cient method to encourage and motivate children to overcome their difficulties and provided

a useful tool for learning.

Another tool useful to help dyslexic students is the VR. Indeed, thanks to this device it

is possible to test, screen and support dyslexic subjects in a new way. For instance, in [79] 28

children with dyslexia were enrolled in a program to study if the use of VR could ameliorate

the difficulties associated with dyslexia. The group was divided in two, the first underwent

a conventional neuropsychological treatment while the second one performed a VR training.

The results showed that the group who was treated with the VR training improved their word

reading scores. In addition, children using the VR showed greater engagement, motivation

and enjoyment which allowed for longer training sessions.

Another example of the VR used to enhance specific cognitive skills such as executive

functions and memory can be found in [33] and [64]. In the former, 24 children with SLDs

underwent a six-weeks program aimed at improving their executive functions. The assess-

ment was done at the beginning of the training, at the end of it and after 6 months from the

end of the program. The results showed that thanks to this VR training, the children in-

creased their scores in visual attention, inhibition, flexibility and planning. In addition, most

of these enhancements were maintained after 6 months from the end of the training. In the

latter study instead, the authors tested memory performance of dyslexic students with VR

device. The results were interesting because showed that undergraduate dyslexic students

do not differ significantly from non-dyslexic students, highlighting the development and suc-

cessful use of compensatory strategies. Another study [95], used a VR-based mini-game to

improve reading abilities in dyslexic children. Children were tested in three different tasks

before and after the test. The tasks were: reading of words/non-words, attentional blink

test (in which the subject had to identify the colored letter) and Posner’s task (in which

the participant had to press a button when a target appeared. The results show that the
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reading time were decreased but still higher than non-dyslexic children. This suggests that

a more prolonged exposure time with the rehabilitation device might be necessary to further

enhance the reading capabilities of dyslexic children but that it can be a future direction.

Beyond the digital landscape, there are also more straightforward yet impactful tools

that can make a significant difference in how dyslexic children interact with text. One such

tool is the use of dyslexia-friendly fonts. By incorporating these fonts, which are specifically

crafted to reduce letter confusion and improve readability, it is possible to support dyslexic

students both in and out of immersive digital spaces. An example is the use of the font

”Dyslexie” [35]. The rationale behind this font is that people with dyslexia tend to confuse

similar-looking letters such as b and d for instance. Therefore by using thicker lines, above-

average spacing between the words, Dyslexie can ameliorate the difficulties that dyslexics

have when reading. In a study [80], 39 dyslexic children were asked to read texts presented

in either Dyslexie or Arial font. The findings revealed that participants read 7% faster when

using the Dyslexie font compared to Arial. Additionally, the study highlighted that the

increased spacing between words significantly contributed to faster reading times, whereas

the thickness of the lines did not have a notable impact on reading speed. Another widely

studied font is the ”OpenDyslexic” font [135]. For instance, in [46] the authors measured the

eye movements of adults with and without dyslexia during the reading of a set of standardised

texts. OpenDyslexic improved the reading comprehension in dyslexics and non-dyslexics.

These improvements were greater for dyslexics. However, reading speed was not affected

by the use of a specific font. OpenDyslexic yielded increases in visual search intensity and

visual ease in the form of decreases in median fixation duration and fixation to saccade ratio

as well as a smaller number of falsely programmed forward saccades.

The tools discussed in this section may be useful in addressing some of the challenges

faced by individuals with dyslexia, but they do not take into account differences between

individuals. Each person is unique, and the severity of cognitive and psychological difficulties

can vary from one student to another. It is crucial to tailor the learning experience to the

specific needs and goals of each individual, as this enables the creation of a personalized set

of tools that supports a customized learning journey. One way to achieve this is through the

use of Artificial Intelligence (AI) and Machine Learning (ML).

1.0.4 The role of AI and ML in dyslexia

Today, we are witnessing a new technological revolution driven by the increasing popularity

and application of AI and ML algorithms in a wide range of fields, including biology, psychol-

ogy, medicine, finance, sports and agriculture [76]. But what exactly means the terms ML
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and AI? ML involves the design of mathematical models that can learn and improve from

data without being explicitly programmed [116]. It falls under the domain of artificial in-

telligence (AI), which aims to simulate human cognitive abilities such as learning, reasoning

and problem-solving [56]. These technologies are growing in popularity due to their ability

to analyze large volumes of diverse data, integrate different types of information, and detect

patterns that may be difficult for humans to identify. In order to to this, mathematical

models are used. As described in [32], the most used algorithms are:

• Artificial Neural network (ANN): ANNs are a type of machine learning model that

mimics the way human brains process information. They consist of layers of artificial

neurons, where each neuron takes input, processes it, and passes it on to the next

layer. The model is made up of an input layer, one or more hidden layers, and an

output layer. Neurons in each layer are connected to neurons in the next layer, with

each connection having a weight. The model learns by adjusting these weights based

on the error in its predictions, using an algorithm called backpropagation.

• Decision tree (DT): A decision tree is a tree-structured model where each internal

node represents a ”decision” or test on a feature, each branch represents the outcome

of the test, and each leaf node represents a final decision or classification. The model

recursively splits the data into subsets based on the most significant feature at each

step. The goal is to divide the data in a way that best separates the different classes

(or outcomes), often using metrics like Gini impurity or information gain to determine

the best splits.

• Naive Bayes (NB): Naive Bayes is a probabilistic classifier based on Bayes’ Theorem,

which calculates the probability that a given data point belongs to a particular class.

The “naive” assumption is that all features are independent of each other, which simpli-

fies the calculations. It computes the likelihood of each feature contributing to a class

and combines them to make predictions. Despite the unrealistic assumption of inde-

pendence, Naive Bayes works surprisingly well in many practical situations, especially

when dealing with large datasets and high-dimensional feature spaces.

• Random Forest (RF): Random forest is an ensemble learning method that builds mul-

tiple decision trees during training and aggregates their results to make more accurate

and stable predictions. Each tree in the forest is built on a random subset of the data

and selects random subsets of features at each split. This randomness helps reduce

the likelihood of overfitting and increases the model’s ability to generalize. The final
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output is the majority vote (classification) or the average (regression) of the individual

trees’ predictions.

• Support Vector Machine (SVM): An SVM is a powerful supervised learning algorithm

primarily used for classification tasks. It works by finding the optimal hyperplane

that best separates different classes of data points in the feature space. SVM tries to

maximize the distance between the closest points of the classes (called support vectors)

and the separating hyperplane. For non-linearly separable data, SVM uses a technique

called the ”kernel trick” to map data into a higher-dimensional space where it can find

a linear boundary.

• Linear Regression (LIR): Linear regression is a simple yet powerful statistical method

for predicting a continuous outcome based on one or more input features. It assumes

a linear relationship between the dependent variable (the target) and the indepen-

dent variables (the features). The model finds the best-fit line through the data by

minimizing the sum of squared differences between the actual and predicted values.

• Logistic Regression (LR): Logistic regression is used for binary classification problems,

where the goal is to predict whether an instance belongs to one of two classes (e.g.,

yes/no, true/false). Logistic regression uses the sigmoid function to map predicted val-

ues to probabilities between 0 and 1. The model outputs the probability of the instance

belonging to the positive class. A decision threshold is used to classify instances.

As previously said, these algorithms are growing in popularity and their adoption is

widespread in virtually every human-related field. The education sector for children with

special needs is no exception, as a growing body of research is investigating how AI and ma-

chine learning can be leveraged to improve early screening for developmental disorders like

dyslexia and to boost the learning outcomes of affected children. The significance of timely

and accurate diagnosis has already been discussed in previous sections. Consequently, a

substantial number of studies are dedicated to this area of focus. For instance, in a recent

study by Wang et al. [133], an artificial neural network (ANN) combined with a genetic

algorithm was used to assess the most significant factors in predicting dyslexia in Chinese

children. The model achieved an impressive accuracy of 94% and highlighted reading accu-

racy as the most critical factor in diagnosis. Other relevant deficits included phonological

awareness, reading fluency, rapid digit naming, and reaction times. Another example can

be found in the study by Le et al. [70]. They conducted comprehensive assessments on

dyslexic and non-dyslexic children, encompassing tasks related to reading, spelling, memory,

attention, phonological skills, movement, visual attention, and hearing. Through a principal
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component analysis (PCA), they identified the most informative tasks for dyslexia diagnosis,

which included reading and spelling tasks, phonological tasks, visuo-attentional tasks, and

auditory tasks. By employing logistic regression solely on the performance of these tasks,

the classification model achieved an impressive accuracy of 94% in diagnosing dyslexic chil-

dren. It is worth noting that cognitive performance and reported difficulties are not the sole

parameters amenable to analysis for dyslexia diagnosis. Handwriting analysis can also be an

effective screening tool. For example, Yogarajah et al. [139] compared the handwriting of

dyslexic and non-dyslexic children using a convolutional neural network (CNN). This method

yielded an average accuracy of 86% in detecting subjects with and without dyslexia with no

need of cognitive tests.

While the use of machine learning for diagnosing dyslexia is crucial for ensuring early

intervention and proper support, the role of these technologies does not end there. Beyond di-

agnosis, machine learning is also being utilized to assist dyslexic individuals in their learning

journey. With personalized, adaptive tools, ML can help address the unique challenges faced

by these individuals, offering tailored solutions to enhance both their reading and writing

skills. For example, in [120], the authors conducted a comprehensive evaluation of four ma-

chine learning (ML) models—Random Forest (RF), Decision Tree (DT), Naive Bayes (NB),

and Support Vector Machine (SVM)—to predict the academic performance of students from

22 high schools. Among these models, the Random Forest (RF) model achieved the highest

classification accuracy, while Naive Bayes (NB) performed the worst. To further enhance

their analysis, the authors integrated a principal component analysis (PCA) into each of the

models and examined the impact on their performance. The addition of PCA resulted in

hybrid models that exhibited improved accuracy compared to their baseline versions, indi-

cating a significant enhancement in predictive capability. The results clearly demonstrate

that ML models, particularly when augmented with techniques like PCA, can be effectively

employed to predict academic performance. By leveraging predictions of student perfor-

mance, teachers can gain valuable insights into both the strengths and weaknesses of their

students, enabling them to implement more targeted strategies to improve learning outcomes.

Moreover, predicting student performance plays a crucial role in tracking academic progress

and, if necessary, triggering timely pedagogical interventions to ensure students successfully

complete their courses. The ability to anticipate academic difficulties provides instructors

with the opportunity to address learning gaps early on, ultimately helping students achieve

better educational outcomes and promoting a more personalized learning experience for each

individual. Another example of using ML to assist dyslexic children is discussed in [97]. In

this case, the reading abilities of 622 children (388 with dyslexia) were mapped onto an

ANN to replicate the process through which children learn to read. The model was then
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compared to the actual reading results of these 622 children using the exact same words

the children read. This approach allowed researchers to explore how deficits in components

of the reading network might predict individual differences in reading ability across three

areas: efficiency of the orthographic lexicon, accuracy in phoneme activation, and vocabu-

lary score, which measured each child’s lexicon. The findings demonstrated that the model

effectively simulated both typical and impaired reading development based on performance

in these categories. Furthermore, using the reading performance in just three categories was

enough for the model to predict learning outcomes in children with and without dyslexia.

Tracking the difficulties encountered by dyslexic children is an important activity to ensure

that adequate support is given. An example of this can be found in [88]. Here, the authors

tracked and collected the difficulties of dyslexic children in phonology, writing and reading

through a computer-based video-game. Then, they have developed a Hidden Markov model

to recognize the difficulties of each user and propose a teaching path that is based on those.

Thanks to this approach, 60% of the children affected with dyslexia improved their skills

with respect to standard support tools. Another approach was followed in [102], where ob-

ject character recognition (OCR) was mixed with ML in order to help dyslexic children in

reading. Specifically, a smartphone application was developed to utilize the phone’s camera

for capturing the text being read by the user. The application then allowed users to modify

the text by adjusting the font style and size, altering the background color, highlighting

challenging words, and requesting simpler synonyms for difficult terms. Machine learning,

particularly through an artificial neural network (ANN), was employed to track complex and

unfamiliar words for each individual user. This approach enabled the algorithm to anticipate

difficult words and autonomously suggest easier synonyms, reducing the difficulties faced by

dyslexic users without needing their direct input. As a result, it effectively alleviated some

of the challenges associated with reading for individuals with dyslexia. In [126] instead,

the focus is on enhancing both reading and writing abilities in dyslexic students. This is

achieved through the use of a SVM predictor that undergoes continuous training based on

the students’ performance in serious educational games and targeted exercises. These games

and exercises are designed to be adaptive, with their types and difficulty levels dynamically

adjusted according to the real-time performance data gathered from the students. As a

result, the system is able to provide personalized learning experiences that evolve with the

individual student’s progress. Notably, this method has shown significant improvements not

only in the students’ overall reading and writing skills but also in their level of engagement

and motivation in the learning process. Furthermore, this approach offers additional ben-

efits by enhancing the ability of parents and therapists to monitor and track the students’

ongoing progress, providing valuable insights and allowing for more effective interventions
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and tailored support plans.

The studies reported here, underscore the crucial role that ML plays in the development

of support tools for individuals with dyslexia. These tools have the potential to significantly

enhance the educational experience and outcomes for dyslexic learners by providing per-

sonalized assistance and tailored interventions. However, it is important to note that the

majority of existing research predominantly concentrates on children and adolescents with

dyslexia. This focus has resulted in a substantial body of knowledge regarding the effective-

ness of various support tools for younger students. Despite these advancements, there has

been relatively little attention given to the development of similar support tools for university

students who have dyslexia. As a result, there is a notable gap in our understanding of how

best to support dyslexic individuals at the higher education level. The specific challenges

faced by university students with dyslexia can differ significantly from those encountered

by younger students, such as the increased demands for advanced reading comprehension,

academic writing, and time management. Consequently, addressing this gap is essential

for ensuring that university students with dyslexia receive the appropriate resources and

accommodations needed to succeed academically and achieve their full potential.

In response to this gap in support for university students with dyslexia, we have developed

an innovative framework known as VRAILEXIA. This cutting-edge framework integrates

VR with AI to create specialized support tools tailored specifically for higher education

students facing dyslexia. The primary goal of this initiative is twofold: first, to design

and implement support tools that are meticulously crafted to address the unique challenges

encountered by university students with dyslexia; and second, to ensure that these tools are

highly personalized to meet the individual needs of each student.

29



Chapter 2

VRAILEXIA: a framework to support

dyslexic students during their learning

path

2.0.1 What is VRAILEXIA? - An introduction to the project

The development of support tools for dyslexia is essential, especially when early diagnosis is

either missed or delayed. With advancements in technology, we now have the opportunity to

utilize the computational power and adaptability offered by mathematical models capable of

learning and making predictions. These models, which fall under the categories of ML and AI,

are increasingly being applied in educational settings. While much of the current research fo-

cuses on children and adolescents with dyslexia, there is a notable lack of support for dyslexic

students in higher education, such as universities. The VRAILEXIA project—standing for

Virtual Reality and Artificial Intelligence Applied to Dyslexia—emerges from the need to

address this gap. Several factors contribute to this necessity. Firstly, the volume and na-

ture of study at the university level differ significantly from that of primary and secondary

education. Secondly, the complexity and depth of material encountered in higher education

present greater challenges. Lastly, it is likely that different study techniques and strategies

are required in the university context compared to earlier educational stages. By harness-

ing the advanced capabilities of AI and ML, VRAILEXIA provides a dynamic and adaptive

learning experience. Each student will benefit from a personalized learning path that evolves

over time, continuously adjusting to their progress and changing requirements. This means

that as students advance in their studies and encounter new challenges, the tools provided

will adapt in real-time, offering ongoing, customized support that aligns with their evolving

academic needs and learning styles. Through this approach, VRAILEXIA aims to bridge the
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Figure 2.1: The building blocks of the VRAILEXIA project.

existing support gap and enhance the academic experience for dyslexic students in higher

education, ensuring they have the resources and flexibility needed to thrive in their studies

and achieve their full potential.

To do so, the VRAILEXIA project is structured around two main modules: ”Tools”

and ”Services” (Figure 2.1). The ”Tools” module includes three key components aimed at

alleviating the challenges faced by dyslexic students. The first component, ”In the Box,”

focuses on developing VR tests specifically designed for dyslexia profile assessment. Unlike

traditional assessment methods, these VR tests create an immersive, interactive environment

that not only engages students but also accurately monitors and tracks their individual dif-

ficulties. By gaining a more nuanced understanding of each student’s unique challenges,

the project can offer highly targeted support strategies that are far more effective than

one-size-fits-all solutions. Moreover, the dynamic and adaptable nature of VR assessments

means they can evolve with new research findings and student needs, ensuring ongoing rele-

vance and effectiveness in providing support. The second component is ”Be Special” which
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is the core of this thesis dissertation. This unit is dedicated to the creation of ML mod-

els that aid dyslexic students throughout their learning journey. ML algorithms have the

power to analyze large amounts of data, identify patterns, and adapt in real time, making

them exceptionally well-suited for this purpose. By harnessing this technology, ”Be Special”

offers tailored, data-driven interventions that adapt to the individual learning patterns of

each student. These interventions can evolve alongside the students, providing personalized

recommendations and support that help them overcome specific obstacles as they progress

through their studies. For example, by continually analyzing a student’s performance and

behavior, the ML models can suggest optimal learning strategies, study techniques, and even

content modifications. This adaptive learning environment not only empowers students to

tackle their unique challenges but also promotes a more inclusive and flexible educational

experience. Finally, the ”Toolbox” serves as an online repository, offering teachers and stu-

dents additional resources that can be readily accessed. This repository is more than just

a collection of tools; it is a dynamic platform aimed at fostering a deeper understanding of

dyslexia among educators and providing them with practical strategies to adapt their teach-

ing methods. By including resources such as lesson plans, teaching strategies, and adaptive

learning materials, the ”Toolbox” helps bridge the knowledge gap, ensuring that teachers

are equipped to address the diverse needs of dyslexic students. On the other hand, the

”Services” module focuses on the practical application and dissemination of the tools and

strategies developed within the project. It comprises two units: ”Toc & Tot” and ”Outside

the Box.” ”Toc & Tot” is designed as a training environment for both students and teachers.

This training is not a one-time event but an ongoing process aimed at refining teaching meth-

ods based on real-world data and outcomes. After completing the ”ToT” sub-unit, teachers

are tasked with designing and implementing lectures in the subsequent semester, using the

latest data collected from the ”Be Special” unit. This iterative process ensures that the

teaching methods are continually evolving, informed by up-to-date insights into the learning

needs and progress of dyslexic students. This data-driven approach promotes a responsive

and adaptive educational environment, where instructional strategies are consistently aligned

with the students’ evolving needs. The second unit, ”Outside the Box,” aims to establish

a collaborative network of European university partners (as shown in Figure 2.2). This as-

pect of the project is crucial as it addresses the need for a unified, international approach

to supporting dyslexic students. By fostering an exchange of information, best practices,

and resources among partner universities, ”Outside the Box” encourages the development of

innovative and inclusive strategies tailored to the challenges dyslexic students face in higher

education. This network not only facilitates the sharing of expertise and knowledge but also

strengthens the collective ability to devise new solutions. Through this collaborative effort,
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Figure 2.2: The European partners of the VRAILEXIA project

the VRAILEXIA project aims to promote an inclusive academic environment for dyslexic

students

As outlined in the previous section, this thesis dissertation focuses on the ”Be Special”

unit, which seeks to leverage the potential of ML to develop personalized support tools for

dyslexic students. The initial analysis began with an exploratory study conducted at the

University of Tuscia in Viterbo. This study aimed to identify the number of dyslexic students

enrolled across various courses and evaluate the nature and severity of the challenges they

faced. The objective was to pinpoint the key difficulties encountered by university students

with dyslexia and identify potential strategies to alleviate these obstacles. Subsequently, a

suite of ML algorithms was employed to recommend the most suitable learning tools and

study techniques tailored to each student’s needs. The algorithms used in this process

included RF, LR, LIR, k-nearest neighbors (kNN) and SVM, along with both collaborative

and content-based recommendation systems. The following subsections of this chapter will

delve into the rationale and methodologies employed in these studies, providing a detailed

overview of the processes involved. Chapter 3 will then present the results derived from each

study, offering insight into the effectiveness of these ML-driven support tools and strategies.
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2.0.2 The explorative analysis - understanding the needs of the

students

In order to design, create and implement the suite of ML models to support dyslexic students

data were collected and analyzed. To do this, a questionnaire was administered to Italian

students with dyslexia who fulfilled two prerequisites: 1) being at least 18 years old and 2)

attending university or left it at most 5 years earlier. The questionnaire underwent a double

conformity check. After a validation conducted by the ethics committee of the University of

Tuscia, the research proposal was sent to the National University Conference of Disability

Delegates (CNUD) for a second approval. A total of 66 Italian universities took part on

this study and the students who took part had a diagnosis of SLD issued no later than

3 years ago. As shown in Table 2.1, the questionnaire was composed of three sections,

namely ”Demographic Information”, ”Dyslexia status and history” and ”Issues and support

methodologies”. The last section was composed of additional threes sub-units, ”Experienced

issues”, ”Support tools” and ”Support strategies”. The first section collected demographic

information such as age, gender, high school enrolled and attended university degree course.

The second section was related to the dyslexia status of each student. Some of the questions

were about the year of the diagnosis, comorbidity with other SLDs or other difficulties. The

third section instead is focused on the specific issues encountered by students during their

learning path and on the learning tools and study strategies they found particularly useful

or useless.

This section was divided into three sub-sections: the first focused on the issues experi-

enced, the second on learning tools, and the third on study strategies. Participants were

asked to rate each item on a scale from 0 to 5 (only integer values were permitted). A

Issues and support methodologies

Demographic Information
Dyslexia status
and history

Experienced
issues

Support tools
Support
strategies

Age
Year of the

diagnosis of dyslexia
Reading

Audiobook with
human voice

Rehearsing

Gender
Other difficulties
besides dyslexia

Writing
Words with

different colors
Self-made
schemes

Type of
high school

Type of support
received

Text
comprehension

Fonts
Self-made
maps

University
degree

Other relatives
with dyslexia

Uncommon
words

Using a tablet
to takes notes

Highlighting
keywords

Year of
university

Concentration
Clear layout of
the material

Highlight with
different colors

Non-resident
student

Focused attention Highlighted keywords Study group

Table 2.1: Brief overview of some of the questions contained in the questionnaire.
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score of 0 indicated a ”not experienced” issue or a ”useless tool/strategy,” while a score of

5 indicated a ”strong difficulty” or a ”very useful tool/strategy.” These three sub-sections

were developed through face-to-face interviews with 25 students with dyslexia. During these

interviews, every issue they encountered was documented, including those that were only

partially experienced or occurred briefly. Additionally, the lists included all support tools

and strategies the students had tried or expressed an interest in trying. This thorough

method provided a comprehensive overview of their experiences and needs. To ensure com-

pleteness, a blank space was included for participants to add any issues, tools, or strategies

they felt were missing. Notably, the questionnaire was designed to take less than 10 minutes

to complete. This was intended to keep the survey brief and avoid the lengthy, repetitive

tasks that can be particularly challenging for individuals with dyslexia. The questionnaire

was administered online, and it received responses from 1,261 dyslexic students from across

Italy. Out of these, 72 responses were excluded because the participants were either outside

the study’s age range or did not have a clinical diagnosis of dyslexia. As a result, the final

database for analysis consisted of 1,189 questionnaires.

In this study [9], an agglomerative algorithm was employed to conduct a cluster analysis,

a multivariate statistical method designed to group a set of units in such a way that those

within the same group (referred to as a cluster) are more similar to each other than to those

in other groups (clusters). Agglomerative clustering is the most prevalent form of hierarchical

clustering, widely used for its effectiveness in creating typological groupings that are both

distinct from one another and internally consistent [53]. This makes it particularly well-suited

for identifying clusters that are cohesive yet separate. In this context, the units of analysis

were the students who participated in the survey. Agglomerative hierarchical clustering

works through a series of successive mergers. The process begins with each individual unit

as its own cluster, meaning that initially, the number of clusters equals the number of

units. The algorithm then iteratively merges the most similar units into groups, combining

these groups based on their similarities. This merging process continues until all units are

ultimately fused into a single cluster as the similarity thresholds diminish. In this way,

it creates a hierarchical structure of clusters. To measure the similarity between units,

we utilized the Gower distance [51]. The Gower distance is a versatile metric specifically

designed to calculate the dissimilarity between two items that contain a mix of numeric and

categorical data. Also known as Gower dissimilarity, this measure is particularly favored

for datasets involving mixed-type variables because it normalizes the differences, providing

a dissimilarity score that ranges from 0 to 1. This score is essentially an average of the

scaled distances calculated for each variable individually. The Gower distance serves as the

complement to one of Gower’s similarity coefficients:
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dG,ij = 1− sG,ij =

∑p
t=1 δijtdijt∑p

t=1 δijt
(2.1)

It represents a measure of dissimilarity or distance between unit i and unit j, where δijt =

1 − sG,ij is the distance calculated for the t − th variable, and sG,ij is the similarity be-

tween units i and j with respect to the t− th variable. The value of this similarity measure

depends significantly on the type of variable itself—whether it is nominal, ordinal, or continu-

ous, among other types—since different variables may require different methods to calculate

distances accurately. Once this distance measure is defined, the focus then shifts to the

linkage methods, which determine how clusters are formed. Some of the primary linkage

methods include single linkage (also known as minimum distance or nearest neighbor), com-

plete linkage (maximum distance or farthest neighbor), average linkage (average distance),

and Ward’s linkage. Single linkage connects clusters based on the shortest distance between

any two points in the clusters, while complete linkage uses the greatest distance between

points, leading to more compact clusters. Average linkage considers the average distance

between all points in the clusters.

Ward’s method [53], in particular, is recognized as a hierarchical clustering procedure

that is designed to minimize the ”loss of information” that results from merging two clus-

ters. This ”loss of information” is quantified as an increase in the error sum of squares (ESS)

criterion. Ward’s method is unique in its approach to clustering, as it focuses on minimiz-

ing the total within-cluster variance. Each potential clustering step is evaluated based on

the ESS criterion, ensuring that each merge results in the least possible increase in overall

heterogeneity. This results in more uniform clusters that are internally cohesive, making

Ward’s method particularly useful in scenarios where maintaining homogeneity within clus-

ters is crucial. Firstly, for a given cluster kk, let the sum of the squared deviations of each

item in the cluster from the cluster mean (or centroid) be denoted as ESSk. This measure

reflects the internal cohesion of the cluster, indicating how closely the items within the clus-

ter are grouped around their mean. If there are KK clusters in total, the ESS is defined as

the sum of these squared deviations across all clusters, expressed as:

ESS = ESS1 + ESS2 + ...+ ESSk (2.2)

At each iteration of the clustering process, the algorithm considers the union of every

possible pair of clusters, evaluating which combination results in the smallest possible in-

crease in the overall ESS. In other words, it seeks to merge the pair of clusters that leads

to the minimal loss of information, thereby ensuring that the new clusters formed are as

cohesive as possible. Initially, each cluster consists of just a single item, so if there are N
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Figure 2.3: Example of a dendrogram

items, ESSk = 0, k = 1, 2, ...., N then ESS = 0. At the other extreme, when all individual

clusters have been combined into a single group containing all items, the ESS reaches its

maximum value given by ESS =
∑N

j=1 (xj − x)2. Where xj is the multivariate measurement

associated with the j − th item and x is the mean of all the items in the dataset. The re-

sults of this agglomerative hierarchical clustering process can be effectively visualized using

a dendrogram, a two-dimensional diagram that graphically displays the sequence of merges.

The dendrogram illustrates which clusters were merged at each step and at what level of

similarity or distance the merges occurred. This visual representation allows one to easily

identify the structure of the data, such as the natural number of clusters, by observing where

large jumps in the levels of the dendrogram occur, as shown in Figure 2.3. The horizontal

lines in the dendrogram represent the clusters that were merged, while the height of each

line indicates the dissimilarity between the merged clusters. Thus, the dendrogram serves

as a powerful tool to understand the hierarchical relationships and the clustering process in

a clear and intuitive manner.
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2.0.3 The Machine learning classification model

After an initial exploratory analysis, where the results are discussed later in Chapter 3, ML

algorithms were used to develop support tools for dyslexic students. Based on the collected

answers to the questionnaire, the goal of this study was to use a suite of mathematical

models to suggest, based on the issues reported by the students, the best learning tools and

study strategies to dyslexic students [141]. Table 2.2 shows in detail the questions asked

to each dyslexic student (1261 in total) and discussed in the previous section. The issues,

indicated as P in Table 2.2 were used as input to train the ML models while the learning

tools and study strategies (reported respectively as T and S in Table 2.2) were used as output

(labels). This approach and the nature of the data available suggested the use of supervised

ML algorithms. Using deep learning algorithm would have likely led to overfitting while

reinforcement learning algorithms would be unsuitable due to the absence of sequential data

for training [66].

An initial decision that had to be made involved determining whether to treat the output

variables collectively or individually and, if collectively, how they should be grouped. This

decision depended on whether the output variables, or some subset of them, were considered

to be correlated with one another. Four options were meaningful: (1) all variables were

considered correlated and thus were treated jointly (in this scenario, the labels would be

vectors containing 39 usefulness scores assigned to the 17 tools and 22 strategies); (2) all tools

and all strategies were considered intra-correlated but not inter-correlated, so the variables

were divided into two groups (in this case, two predictions would be made—one using a

17-element vector with scores for the tools, and another using a 22-element vector with

scores for the strategies as labels); (3) according to a correlation criterion, certain groups

of variables were regarded as intra-correlated but not inter-correlated and were thus divided

into n groups (in this situation, n predictions would be made, each using a vector with

the scores for tools/strategies within a specific group as a label); (4) the variables were

considered uncorrelated (in this case, a single prediction would be made for each individual

tool/strategy, using the score given to that specific tool/strategy as the label). Although it

could have been intuitively hypothesized that some of the tools or strategies listed in Table 2.2

exhibited some degree of correlation, the literature offered no evidence of interrelated support

methodologies. In light of this, a cross-correlation matrix was computed by assigning a score

to each response regarding the usefulness of each tool/strategy, and this score was treated

as the value assumed by that variable, from 0 to 5 as described in Section 2.0.2. Spearman’s

correlation criterion was chosen because it was particularly well-suited for ordinal variables,

such as the ones being considered. Therefore:
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ID Difficulty/Tool/Strategy ID Difficulty/Tool/Strategy
P1 Reading T15 Audio recording of lessons
P2 Writing T16 Video lessons

P3 Understanding difficult words T17
Supplementing study material

with internet research

P4 Understanding the lessons S1
A person reading

for him/her

P5 Concentration S2
A map made by
himself/herself

P6
Paying attention during

in-presence lessons
S3

A scheme made by
himself/herself

P7
Paying attention during

online lessons
S4

A summary made by
himself/herself

P8
Memorising recently
studied concepts

S5 Repeat the studied material

P9
Remembering concepts
studied during the exam

S6 Marking keywords

P10 Study time management S7 Underlining with different colours
P11 Taking notes S8 Having a study group

P12
Limited time available to

prepare a task/question/exam
S9 Having a tutor

T1 Human voice audio book S10
Dyslexic student group
to exchange resources

T2 Robotic voice audio book S11 Presential lessons
T3 Different colour words S12 Online lessons available
T4 Using the EasyReading font S13 Taking breaks during lessons

T5
Using a smart pen or tablet
to take notes and record voice

S14 Lesson slides available

T6
Clearer layout of
the study material

S15 Recording the lesson

T7
Having the key words
of the text highlighted

S16 Taking notes

T8 Prepared concept maps S17 Having the lesson plan in advance

T9 Prepared schemes S18
Dividing an examination/task/

question into several parts
T10 Prepared summaries S19 Only written tests
T11 E-Books S20 Only oral tests

T12 Digital tutor S21
Conducting the exams in

the presence of the professor alone

T13
Images to help understand

the meaning of difficult words
S22

Having an online database
with notes made by other students

T14
Images that help

to memorise a concept

Table 2.2: Difficulties (P), support tools (T) and learning strategies (S) considered.
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Figure 2.4: Spearman’s cross-correlation (absolute value) matrix of the scores given to the
usefulness of learning tools and study strategies.

ρX,Y = 1− 6 ·
∑Noss

i=1 (xi − yi)
2

Noss (N2
oss − 1)

(2.3)

where xi and yi are the i − th observations of two output variables, in other words are

the scores given to two learning tools or study strategies, Noss is the number of available

observations. Figure 2.4 shows the results of the correlation. The learning tools are indicated

with numbers from 1 to 17 whereas the study strategies are indicated with numbers from

18 to 39. The correlation coefficient is instead expressed with colors, whose values can be

derived from the color bar on the right. Most of the variables had a weak correlation while

only 4 of them had a strong correlation. From this analysis it appeared clear that the option

number (4), namely considering the outputs singularly was the most meaningful choice. In

addition, this choice gave the possibility to use more ML algorithms for the prediction of

each variable, thus increasing the overall accuracy. In fact, one of the algorithms could have

been the strongest in predicting a particular variable but weaker than another in predicting a

different variable. Therefore, using only the former would have resulted in lower accuracy for

the prediction of the latter, while using only the latter would have caused a loss of accuracy
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in predicting the former. Instead, employing the best algorithm for each specific variable led

to the highest achievable accuracy. The same consideration was applied to the algorithms’

setup: the optimal configuration of an algorithm for predicting one variable might not have

been the best configuration for predicting another variable. Before training the algorithms,

an analysis of the collected data was conducted to assess its distribution. For the input

variables, which represent issues faced by dyslexic students, scores predominantly ranged

from 1 to 5, with fewer 0 scores compared to other studies. This lower incidence of 0 scores

is attributed to dyslexic students’ tendency towards pessimism in self-evaluation, as noted

by the psychologists involved. Consequently, scores of 0 were adjusted to 1, resulting in a

more uniform distribution across issues. For the output variables, which represent support

tools and strategies, there was a significant imbalance, with the most common score being up

to 26 times more frequent than the least common score. To address this, output scores were

converted into binary responses using a threshold of 2.5: scores below 2.5 indicated ”useless,”

while scores above 2.5 indicated ”useful.” This midpoint ensures an even distribution between

the two classes. After thresholding, the imbalance decreased to a ratio of about 1/5, with

more frequent ”useful” responses. To handle this imbalance during algorithm evaluation,

different weights will be assigned to ”useful” and ”useless” predictions.

After this step, four of the most widely used supervised ML algorithms for classification

were adopted to classify the data: RF, LR, kNN and SVM [62]. Supervised ML algorithms

differ significantly from unsupervised ML algorithms. The key distinction is that supervised

algorithms require labeled data to learn and make predictions, while unsupervised algorithms

do not rely on labels. This difference is crucial in determining which type of algorithm to use

for a given problem. Supervised ML models are more suitable when a complete dataset with

clearly defined input-output pairs is available. In contrast, unsupervised ML models excel

when the goal is to explore the dataset and identify hidden patterns or groupings without

prior knowledge of the outcomes. In the context of this project, the dataset included both

input features and corresponding labels, making supervised ML the most appropriate choice.

By using supervised learning, we could train the model to make accurate predictions based

on the labeled data. The following paragraphs will give an explanation of these models and

will discuss about their application in the study.

Random Forest

The RF is an ensemble method that constructs multiple DTs during training and aggregates

their outputs for a final prediction (as shown in Figure 2.5b).

Therefore in order to understand the RF, the functioning of the DT must be briefly

explained. As shown in Figure 2.5a, each DT consists of a root node, in which the tree splits
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(a) Example of Decision Tree

(b) Example of Random Forest

(c) Example of k-Nearest Neighbor
(d) Example of Support vec-
tor machine

Figure 2.5: Examples of the ML models discussed

into decision nodes that represent decisions based on input features, branches that represent

the outcomes of those decisions, and leaf nodes that represent the final prediction. To classify,

the DT is based on the Gini impurity score and the entropy or information gain [14]. The
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Gini impurity score measures how often a randomly chosen element from the dataset would

be incorrectly classified if it was randomly labeled according go the distribution of labels in

the subset and is calculated as

Gini = 1−
C∑
i=1

p2i (2.4)

where pi is the probability of a data point belonging to class i and C is the number of classes.

The entropy instead, is calculated as follows:

Entropy = −
C∑
i=1

pilog2(pi) (2.5)

The tree recursively splits nodes to reduce the chosen impurity metric until the tree reaches

a predefined stopping criterion. The RF combines more DT in order to classify. It is based

on two main features: (i) bootstrap and (ii) random feature selection. The first, refers to the

selection of a random subsets of the original dataset used to train each tree. This ensures that

there is randomness while the random feature selection refers to the selection of a random

subset of features at each split in the DT. The formula of the RF is:

ŷ = mode {T1(X), T2(X), ..., Tn(X)} (2.6)

where Ti(X) is the prediction from the i-th tree. In this study, the bootstrap technique was

used by choosing 1/3 of the variables at each decision split and with a maximum of 50 DT.

Three approaches were evaluated for handling the input variables: treating them as ordinal

scores, as numeric values, or as binary values derived from thresholding the scores. In the

binary approach, a variable is considered present if its score exceeds a specified threshold and

absent if it does not. Several different thresholds (Thr) were tested: Thr = 1.5, Thr = 2.5,

Thr = 3.5 and The = 4.5.

Logistic regression

Logistic Regression is used for binary classification problems. It predicts the probability

that a given input X belongs to a particular class. It uses the logistic (sigmoid) function to

constrain the output between 0 and 1. It is calculated as follows:

P (y = 1|X) =
1

1 + e−(β0+β1x1+β2x2+....+βnxn)
(2.7)

where P (y = 1|X) is the probability that the output y is 1 given input X, β0, β1, ..., βn are

model coefficients while x1, x2, ..., xn are input features. The decision boundary is generally
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set at 0.5, therefore if P (y = 1|X) ≥ 0.5 the class is classified as 1 whereas if P (y = 1|X) <

0.5, the class is considered 0. The coefficients β are found by maximizing the Log-Likelihood:

L(β) =
N∑
i=1

[yilog(P (y = 1|X)) + (1− yi)log(1− P (y = 1|X))] (2.8)

K-nearest neighbors

k-NN (an exmaple can be found in Figure 2.5c) is a ML algorithm used for both classification

and regression tasks. Unlike other models, K-NN does not learn an explicit function during

training. Instead, it stores the training data and makes predictions by examining the ’k’

closest data points (neighbors) in the feature space for a new input. The choice of ’k’

significantly affects the model’s performance: a smaller ’k’ can capture fine details but may

be sensitive to noise, while a larger ’k’ provides a smoother decision boundary but may

miss finer structures. In classification, the class label is assigned based on the majority

class among the ’k’ neighbors, similar to the functioning of the RF. In this study, the input

variables were treated both as numeric values and as binary value, as explained earlier.

This was done both for the testing and for the training of the algorithm. two distances

measures were used, the Euclidean distance and the Hamming distance. For two points

p = (p1, p2, ..., pn and q = (q1, q2, ..., qn in an n-dimensionale space, the Euclidean distance d

is calculated as follows:

d(p, q) =
√
(p1 − q1)2 + (p2 − q2)2 + ...+ (pn − qn)2 (2.9)

The Hamming distance instead, is a measure of the number of positions at which the corre-

sponding symbols are different between two strings of equal length. It is commonly used for

categorical or binary data. For two string x and y of equal length n, where each position i

in the strings can be either binary or category, the Hamming distance d is calculated as:

d(x, y) =
n∑

i=1

1(xi ̸= yi) (2.10)

where xi and yi are the values at position i in strings x and y respectively. 1 is the indicator

function that equals 1 if xi ̸= yi and 0 otherwise. Finally, the k parameters considered in

this study range from 7 to 39, with a step of 4.
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Support vector machine

The SVM is a supervised learning algorithm used for classification and regression tasks. The

core idea of SVM is to find the optimal hyperplane that best separates data points of different

classes in a high-dimensional space (as shown in Figure 2.5d). The data points closest to

the hyperplane are called support vectors. These points are crucial because they define the

margin of the hyperplane. The position of these support vectors directly affects the placement

of the hyperplane. The margin is the distance between the hyperplane and the nearest

support vectors from each class. SVM aims to maximize this margin, which helps in achieving

better generalization on unseen data. The optimal hyperplane is the one that maximizes the

margin between the classes. This is achieved by solving a quadratic optimization problem.

In this study, three kernels namely, linear, polynomial and radial basis function were in the

training phase of the SVM. Kernels are functions used in SVM to enable the algorithm to

handle non-linearly separable data by mapping it into a higher-dimensional space where a

linear separation is possible. The kernel function K(xi, x computes the similarity between

two data points xi and x in the original input space. The linear functions represents the

dot product in the original space K(xi, x) = xi · x, while the polynomial kernel represents a

polynomial function of the dot product: K(xi, x) = (αxi · x+ c)d and lastly the radial basis

function represents an exponential function of the squared Euclidean distance: K(xi, x) =

exp
(
−∥xi−x∥2

2σ2

)
Testing and analysis

Initially, the dataset was divided into two parts: 75% was allocated for training and vali-

dation, while the remaining 25% was set aside for testing. For the training and validation

subset, we employed stratified tenfold cross-validation to ensure that each fold contained a

proportional representation of both predictors and labels. This approach guarantees that

each subset closely mirrors the overall dataset, helping to minimize any potential bias and

ensuring a more reliable evaluation. The prediction algorithm that was ultimately imple-

mented is not one of the four previously mentioned with a specific configuration. Instead,

it is more of a ”super-algorithm” that predicts for each individual tool or strategy by utiliz-

ing the best-performing algorithm from the list, optimized with the most effective setup for

that particular tool or strategy. In order to evaluate the perfroamnce of the algorithms, the

overall weighted prediction accuracy (A) for each tool or strategy was calculated with the

following formula:

A = 1/NF

NF∑
f=1

((
N(C/y)f
N(T/y)

wy +
N(C/n)f
N(T/n)

wn)) (2.11)
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where Nf is the number of folds used for cross-validation, N(C/y)f and N(C/n)f are the

number of correct predictions in the case of “useful” and “useless” algorithm response, re-

spectively N(T/y) and N(T/n) are the total number of tests performed in each fold, in the

case of “useful” and “useless” response, respectively, and wy and wn are the weights used to

take into consideration the imbalance of the two classes, as discussed earlier. wy and wn were

set at the normalized inverse frequency of the “useful” and “useless” responses, so as to give

a higher importance to less frequent predictions and vice versa. In addition, also F1-score

was calculated, so as to include also precision and recall among the performance indexes.

The final algorithm, incorporating the most accurate machine learning algorithm with

its optimal setup for each individual tool and strategy, was subsequently tested on the re-

served portion of the dataset by calculating its overall accuracy. Following this, an additional

evaluation was conducted in a real-world scenario. A group of students responded to the

questions in Table 2.2, and their answers were fed into the classification model, which then

recommended the most suitable support tools and strategies for each student. The students

then tried all the suggested tools and strategies and provided feedback on which ones were

helpful for their studies. The students’ responses were compared with the model’s output

to assess its accuracy. It’s important to note that study strategy S10, was not included in

this evaluation because it requires a longer time frame for verification. However, a student

association has already been established, and its verification is in progress. Similarly, strate-

gies S11, S17, and S18 were not applied to an entire course but only to select topics. S11

was evaluated by teaching some topics in a traditional classroom setting and others online

or through self-study materials (books and notes) without an instructor. S17 was tested

by providing information about specific topics before the lessons started. Lastly, S18 was

assessed by dividing topics into shorter sub-modules. In total, 43 students with dyslexia

participated in this final evaluation step by completing the questionnaire.

2.0.4 The use of recommendation systems

The ML algorithms described above are not the only type of algorithms that can be used

to suggest the best learning tools and study strategies to students. Indeed, there is another

class of models that are specifically aimed at detect user preferences and recommend items

accordingly. These are the recommendation system (RS). RSs can be broadly classified into

several categories, each employing different methods to suggest items to users. One of the

most common categories is collaborative filtering (CF), which makes recommendations based

on the preferences and behaviors of similar users. By identifying patterns in user interac-

tions, CF algorithms can predict what a user might like by looking at the choices made by
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others with similar tastes [57]. Another widely used category is content-based (CB) filtering.

This approach recommends items by analyzing the characteristics and features of the items

themselves. Recommendations are tailored to the user by matching the user’s profile or past

preferences with item descriptions, such as keywords, categories, or other metadata [78]. For

example, if a user has shown a preference for action movies, a content-based system might

suggest other action films based on their descriptive attributes. Knowledge-based (KB) sys-

tems represent a different approach by leveraging specific knowledge about the users’ needs

and the domain to make recommendations. These systems take into account the explicit

requirements and preferences expressed by the user, along with detailed knowledge about

the items, to offer more personalized and context-specific suggestions. This approach is par-

ticularly useful in domains where user preferences are complex and cannot be easily inferred

from past behavior alone [23]. Finally, hybrid systems combine elements of the aforemen-

tioned methods to create a more robust and accurate recommendation process [19]. By

integrating collaborative filtering, content-based filtering, and knowledge-based approaches,

hybrid systems can overcome the limitations inherent in each individual method, offering a

more comprehensive and adaptable recommendation strategy. This combination allows the

system to provide more relevant suggestions by drawing on multiple sources of information,

thereby enhancing the overall user experience. In the realm of education, numerous RSs

have been introduced to improve the students’ learning experience. For example in [58], the

authors integrated various RSs, including KB, CB and CF approaches, along with Web 2.0

tools, to offer teachers guidance on course design and provide students with suggestions on

which activities to select, such as attending seminars, joining e-courses, reviewing subject

summaries, and completing online tests. This method led to students achieving better final

course outcomes. In [108], the authors developed a hybrid model by combining CF, CB, and

knowledge-based algorithms to recommend learning objects to students with similar learn-

ing styles. This hybrid recommendation strategy enhanced the relevance of the educational

materials suggested and significantly improved the students’ learning process.

The studies reported here show a prominent role of RSs in education. However, the ma-

jority of the research on the application of RSs is directed toward students without dyslexia.

Therefore, in this work the goal was to exploit RSs to customize the learning experience of

students by recommending specific support tools. Specifically, three RSs were evaluated to

identify which algorithm could most effectively suggest learning tools and study strategies

tailored to each student’s needs. Ultimately, the top-performing algorithm was utilized to

recommend study strategies and learning tools for both dyslexic and non-dyslexic students.

Experienced professors then assessed the learning progress of these students to measure the

effectiveness of the recommendations.
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The use of the CF recommendation system in dyslexia

In recent years, RSs have gained growing importance, expanding their impact across various

fields, including education and learning. Within this domain, CF and CB approaches have

emerged as two prominent methodologies, each offering distinct advantages and drawbacks.

CB systems rely heavily on extensive information about the features of items rather than

focusing on the relationships derived from user feedback and ratings. Due to this require-

ment, CF initially became the preferred method. The dataset used for this study is the

questionnaire described in the previous sections and in [87]. The only difference is that, in

this case, the Issues were not considered but only the learning tools and study strategies.

Out of the 39 items included in the questionnaire, the T4 learning tool (Using the Easy

Reading font) was excluded because more than 48% of the participants were unfamiliar with

it. As a result, the final count of learning tools was reduced to 16, with an additional 22

study strategies, bringing the total number of items to 38. The data were divided such that

75% were used for training the model, while the remaining 25% were set aside for testing. A

10-fold cross-validation was then performed on the training dataset to fine-tune the model’s

configuration parameters before evaluating its performance on the test set. Data were ana-

lyzed using three types of CF RSs as implemented by [7]. The three CF systems included: a

user-based approach, where recommendations are driven by the similarity between users to

suggest different methodologies [140]; an item-based approach, which analyzes the similarity

between items to recommend the most relevant tools and strategies to users [132]; and a

hybrid approach, which combines the aforementioned methods through a weighting system

[7]. The motivation for using a hybrid model arises from the distinct differences between

user-based and item-based methods. The user-based approach generates recommendations

by identifying similar users and suggesting items that those users have liked. In contrast,

the item-based approach focuses on the similarities between items, using user ratings to

calculate these similarities. The differences between these two methods are illustrated in

Figure 2.6. In the user-based approach (Figure 2.6a), the system identifies that Student 1

and Student 3 have similar preferences because they have selected some of the same learning

methodologies. As a result, it recommends (indicated by the dashed arrow) to Student 3 an

item that was beneficial to Student 1 but that Student 3 has not yet used. On the other

hand, the item- based approach (Figure 2.6b) observes that the last two items have received

similar ratings from different users (Student 1 and Student 2). Since Student 3 has already

shown a preference for one of these items, the system suggests the other item to Student 3.

The hybrid approach was implemented by combining the user-based and item-based meth-

ods with varying weights. This involved assigning specific relevance or weight to each of the
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(a) User-based collaborative filtering. (b) Item-based collaborative filtering.

Figure 2.6: The user-based approach (a) and the item-based approach (b) visually depicted

predicted ratings, using the equation provided below:

r̂ = αr̂u + (1− α)r̂i (2.12)

where α is the weight and r̂u is the predicted rating for the user-based approach, whereas

(1 − α) is the weight and r̂i is the predicted rating for the item-based algorithm. These

weights were used to reduce the error deriving from predicted ratings and actual ratings as

discussed in [7]. The value of α has to satisfy:

α ≥ 0 and α ≤ 1 (2.13)

To determine the final weights to assign to each model, a preliminary experiment was

conducted. Following this, and in line with the findings discussed in [111], it was observed

that assigning higher weights to the item-based method (1 − α) led to improved outcomes.

Consequently, a range of values for the weights was chosen to prioritize higher values for the

item-based weight. This range began with a user-based weight (α) set at twice the item-

based weight and concluded with item-based weight values that were seven times greater

than α. All the considered cases are illustrated in Table 2.3.
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Case α (1− α)

#1 2/3 1/3

#2 1/2 1/2

#3 1/3 2/3

#4 1/4 3/4

#5 1/5 4/5

#6 1/6 5/6

#7 1/7 6/7

#8 1/8 7/8

Table 2.3: Configuration of weights for the hybrid approach.

Setting α = 1 results in a fully user-based approach while setting α = 0 yields a fully item-

based approach. Therefore, by appropriately adjusting α, it becomes possible to encompass

all the analyzed scenarios within the formula 2.12.

To calculate similarities among users or items, three commonly used metrics in CF sys-

tems were evaluated and compared: the Pearson correlation coefficient, the Euclidean dis-

tance, and the Cosine distance. These metrics were employed to identify the n most similar

users to a given test user (in the case of user-based filtering) or the n most similarly rated

items according to the ratings provided by the test user (in the case of item-based filtering).

The definitions of these three metrics are as follows:

Pearson Correlation =

∑N
i=1(xi − x̄)(yi − ȳ)√∑N

i=1(xi − x̄)2
√∑N

i=1(yi − ȳ)2
(2.14)

Euclidean distance =

√√√√ N∑
i=1

(xi − yi)2 (2.15)

Cosine distance = 1−
∑N

i=1 xiyi√∑N
i=1 x

2
i

√∑N
i=1 y

2
i

(2.16)

where N is the number of users or items; xi and yi are the individual ratings; and x̄ and

ȳ are the sample mean.

The Pearson coefficient was used for the direct calculation of similarities among all users

or items, with the most similar neighbors identified by selecting the n most correlated enti-

ties. In contrast, the Euclidean and Cosine distances were used as distance metrics within

a kNN algorithm, where the n nearest neighbors were directly obtained from the model
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generated. An important consideration was the number of nearest neighbors included in the

similarity calculation. After conducting extensive tests with various potential values for the

number of neighbors, it was found that optimal results were achieved with n values ranging

from 3 to 11. Consequently, in the final experiments, the number of neighbors considered

was 3, 5, 7, and 11. Algorithm 1 contains the pseudocode of the process for the similar-

ity computation depending on the different considered metrics. The method returns the

n neighbors most similar users or items sorted according the computed similarity measure,

stored in top similarities.

Algorithm 1 Compute similarities

1: function ComputeSimilarities(data similarities, similarity, n neighbors)
2: if similarity = “pearson” then
3: correlation matrix ← correlation matrix computed using pearson coefficient
4: test user corr ← matrix row corresponding to the test user
5: similarities ← sort similar according to test user corr
6: top similarities ← first n neighbors from similar users
7: else
8: knn ← generated k-Nearest Neighbors model using similarity as distance metric

and considering n neighbors as the number of neighbors
9: top similarities ← nearest neighbors considered by knn
10: end if
11: return top similarities
12: end function

The goal of this study was to use the RSs to predict the best learning tools and study

strategies for students with dyslexia. For the user-based approach, this prediction was made

by averaging the ratings given by the most similar users. Conversely, in the item-based

approach, the prediction was based on the ratings of items that were most similar in terms

of their scores. In the hybrid method, the prediction was derived from the sum of the user-

based and item-based predictions, each weighted according to its respective importance. The

process is shown in Algorithms 2 and 3, which correspond to the user-based and item-based

RSs, respectively. Both algorithms produce a list of key-value pairs, known as recommenda-

tions, which included the tools and strategies to be recommended along with their respective

ratings provided by the RS.

To generate these recommendations, the algorithms utilized data for similarity compu-

tation, distinguishing between different data sources. For the user-based approach, only the

training data (data train items) and the test user’s data (text user, the user for whom the rec-

ommendations are being made) are considered. In contrast, the item-based approach requires

evaluating each test item (data test items) individually to compute its ratings, while treating
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Algorithm 2 User-based collaborative filtering

1: function UserBasedRecSys(test user, data train items, data test items, similarity,
n neighbors)

2: recommendations ← empty key-values map
3: data similarities ← concatenation of data train items and test user as row
4: similarities ← ComputeSimilarities(data similarities, similarity, n neighbors)
5: recommendations ← mean of ratings for each item taken from data test items
6: return
7: end function

Algorithm 3 Item-based collaborative filtering

1: function ItemBasedRecSys(test user, data train items, data test items, similarity,
n neighbors)

2: recommendations ← empty key-values map
3: for test item in data test items do
4: data similarities ← concatenation of data train items and test user as row
5: data similarities ← concatenation of data train items and test item as column
6: similarities ←ComputeSimilarities(data similarities, similarity, n neighbors)
7: rating ← mean of ratings given to the test item depending on train items
8: add (test item, rating) to recommendations
9: end for
10: return recommendations
11: end function
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the remaining items as unknown to the user. The final recommendations were completed

with the average rating values obtained for the different test items from the n neighbors most

similar users or objects.

In order to evaluate the accuracy of the methodologies used, the mean absolute error

(MAE) between the predicted scores provided by the RS and the actual scores given by the

users was computed. MAE is determined by averaging all N absolute errors of the rating

pairs (pi, qi). Since a lower MAE indicates better accuracy, the selection of weights must be

optimized to minimize this error:

argmin(α)(

∑N
i=1 |pi(α)− qi(α)|

N
) (2.17)

where N is the total number of tools and strategies considered to be recommended, pi is

the predicted value and qi the actual value.

To evaluate the algorithm’s performance in a real-world scenario, the best-performing

model was employed to recommend specific learning tools and strategies to both dyslexic

and non-dyslexic students. The test involved 50 participants, comprising 53% male and 47%

female. Of these, 40% were dyslexic, while the remaining participants were not affected by

any learning disorders. The participants included university students and individuals who

had completed their undergraduate studies but were pursuing further academic qualifications

such as a master’s degree, a doctorate, or corporate training. The test involved providing

textbooks from three disciplines—political science, communication, and economics—to stu-

dents enrolled in relevant degree programs, PhD programs, or master’s courses. Each student

was asked to study a specific portion of a book. Fifty percent of the students, evenly divided

between dyslexic and non-dyslexic individuals, used the best-performing RS to receive per-

sonalized suggestions for tools and strategies aimed at improving their study efficiency. The

other 50% received random recommendations rather than those generated by the RS. Follow-

ing this, all students were instructed to adhere to the suggested methodologies during their

study phase. University professors then assessed their knowledge of the studied disciplines

on a scale from 0 to 10, with 6 being the minimum passing score. The results of students

who received personalized recommendations were compared with those who received random

suggestions, and differences between dyslexic and non-dyslexic students were also analyzed.
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Chapter 3

The results of the VRAILEXIA project

3.0.1 Results of the exploratory analysis

As discussed in Chapter 2.0.2, in order to design, create and implement the suite of ML

models to support dyslexic students data were collected and analyzed. The first step was

to create a questionnaire, as reported in Table 2.2, that included both the issues experience

by dyslexic students during their learning path and the learning tools and study strategies

that have found useful to overcome or, at least, mitigate some of their difficulties. The

analysis started by considering the socio-demographic aspects of the sample. The main

features considered are the gender, year of birth, the type of student, when the diagnosis of

dyslexia was performed, if the student received aid and, if yes, what type of aid, what year of

university they were, if the subject has relatives with dyslexia and if there are other learning

disorders associated with dyslexia. The results are shown in Table 3.1. One of the first

things investigated was a comparison between the year of birth and the received support.

Figure 3.1 shows this relationship.

Figure 3.1: Relationship between year of birth and receive support
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Gender Diagnosis of dyslexia
Male 66% Primary school 41%
Female 24% Secondary school 20%

Type of student
Tertiary school
(1st or 2nd year)

13%

Full-time student 83%
Tertiary school
(3rd to 5th year)

25%

Part-time student 17% Year of birth
Received aid <1990 3%

No 34% 1990-1999 52%
Yes 67% >1999 45%

Type of aid
received

Year attended

Private speech
therapists

23% First year 36%

Psychologist 18% Second year 24%
Public speech

therapist
16% Third year 18%

Tutor 13% Fourth year 4%
Parents 3% Fifth year 3%

Teacher 1%
Out-of-study

student
10%

Dyslexia
association and

friends
2% Graduate student 3%

Other learning
disorders

High school
student

2%

No
Relatives with

dyslexia
Yes No 57%

Yes 43%

Table 3.1: Socio-demographic characteristics of the sample
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Figure 3.2: Relationship between the birth year and the time in which the diagnosis of
dyslexia was performed

An interesting data is that over 60% of the students born in 1990 or earlier did not

receive a specific aid after the diagnose of dyslexia. Whereas over 60% of the students born

in 1999 or later, received an appropriate support. This is crucial as evidenced in Chapter

1, if the diagnosis of dyslexia is done early in life and if specific support is given, the child

has higher chance to easily overcome their difficulties. The fact that people born after 1990

received more support than those born before may be partly due to increased awareness of

the difficulties faced by dyslexic children. Supporting this, children born after 1999 show

the highest percentage of support received compared to other groups. Indeed, in Italy the

first law that recognized dyslexia, dysorthography, dysgraphia, and dyscalculia as SLDs was

published in 2010 [44]. The Law 170/2010 safeguards the right to education for dyslexic

children while encouraging schools to reconsider the teaching methods needed to support all

students, allowing them to reach their full potential by embracing their unique qualities.

Another interesting aspect under investigation was the potential relationship between the

year of birth and when, during primary, secondary and tertiary school, the diagnosis was

performed. The importance of a timely diagnosis was deeply discussed in Chapter 1. Figure

3.2 shows the results of this analysis.

For the children subjects born before the 1990, 70% received the diagnosis during the

final years of the tertiary school (3rd to 5th year). This datum may be in conjunction with

what was presented in Figure 3.1, in which the year of diagnosis is also related on the sup-

port received. Indeed, a late diagnosis can delay or abort the activation of the necessary

support systems to help dyslexics since the age of the third year of tertiary school is nor-

mally at 15 years old. By that time, it the person is supposed to have already identified

some of the strategies to overcome the difficulties encountered, hence the activation of the

necessary support can be wrongly perceived as non necessary. The percentage of students
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Figure 3.3: The Ward dendrogram

born after 1999 who received the diagnosis during late tertiary school (3rd to 5th year) is

equal to 17%, drastically lower compared to the ones born before 1990. The last interesting

datum that was found regards the relationship between the type of support given and if the

student was a drop put or if the student graduated. Among graduate students, 80% received

support from associations and friends, whereas among students who dropout university edu-

cation, it emerges a strong association with supports from parents (50%). From the studies

discussed in the Chapter 1, it was highlited how the dyslexic children tend to be more suc-

cesful when receives support in early life. The findings shown above point in this direction,

that is, promoting collaborative learning is crucial. Since people have different strengths,

group collaboration increases the likelihood of effective problem-solving. Group projects al-

low individuals to leverage their unique talents—some excel at writing, others at drawing,

researching, or building models. The results shown here, underscore the positive impact of so-

cial capital on well-being within larger organizations, such as national associations, through

three main mechanisms: enhanced access to vital information, stronger advocacy efforts,

and connections to self-care networks. Membership in a dyslexia-focused association offers

students valuable opportunities and relationships that greatly enhance their self-confidence.

Recent studies on dyslexic university students highlight the critical need to build supportive

communities within academic settings. Even in smaller group settings, social capital plays

a vital role in improving both academic performance and boosting students’ self-esteem.

The last analysis in this study was conducted using the hierarchical agglomerative method

described in Chapter 2.0.2 from which it was derived a dendrogram as depicted in Figure

3.3.
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Group 6 -
at risk students

Group 3 -
graduated students

Year of birth <1990 <1990

Type of student
Out-of-study or
dropout students

5th year of
university or
graduated

Diagnosis of
dyslexia

3rd-4th-5th
year of high school

Primary school

School year
repetition

Yes No

Type of aid
received

No Parents

Relatives
with dyslexia

Yes No

Other difficulties Yes Yes
Group 2 -

at risk students
Group 5 -
graduated

Year of birth 1990-1999 1990-1999

Type of student
4th or 5th year of
university or out-

of-study

3rd year of
university or
graduated

Diagnosis of
dyslexia

3rd-4th-5th year of
university

1st-2nd
high school

School year
repetition

Yes No

Type of
aid received

Parents and
Tutor

Dyslexic
association and

friends
Relatives with

dyslexia
Yes No

Other difficulties Yes No
Group 1 -

at risk students
Group 4

Year of birth >1999 >1999

Type of student
1st-2nd or 4th-5th
year of university

High school or
1st-2nd year of

university
Diagnosis of

dyslexia
Primay/secondary

school
1st-2nd

high school year
School year
repetition

Yes No

Type of aid
received

Public and private
speech therapist

Private therapists
and psychologist

Relatives with
dyslexia

No No

Other difficulties Yes Yes

Table 3.2: Groups identification by considering socio-demographic characteristics
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Difficulties Learning tools Study strategies

Group 6 widespread difficulties
Coloured overlays,
easy-reading font,
tutorial support

Group activities,
lecture support,
exam assestment

Group 3
Few difficulties on

concentration and memory
Audiobook Oral exam

Group 2 Concentration and memory
Audiobook, tablets, clear layout,
e-books, pictures that summarize

the topic

Group activities,
exam assestments

Group 5
On-line lectures,
exam organization

Audiobook
Group activities,
exam assestments,

oral exam

Group 1
Concentration,

online lectures and memory

Use ready-made maps, concept
maps and summaries, tablet, clear layout,

picture that summarize the topic

Group activities,
lecture support

Group 4
Concentration , memory,

exam organization, handwriting,
expressig ideas orally

Use ready-made maps, Audiobook, keywords,
summaries, e-book, video-lectures

Group activities,
exam assestments

Table 3.3: Difficulties encountered by the 6 groups and the most useful learning tools and
study strategies

The six groups identified with the dendrogram were clustered based on the year of birth.

The results are reported in Table 3.2. The analysis has identified 6 groups of dyslexic

students according to the questions showed in Table 3.1. The first important result from

this table is that early and accurate diagnosis is crucial to a student’s success in university.

Ideally, diagnosis should occur during the early years of primary school to allow for early

interventions that can help manage dyslexia more effectively. Early and targeted support is

more effective in addressing dyslexia. Students who don’t receive assistance until later on

may struggle more with essential reading skills, leading to ongoing academic difficulties that

are hard to overcome. Even though a child with severe dyslexia may always find reading

challenging, they can learn techniques to improve reading and develop strategies that enhance

both school performance and quality of life. Groups 3 and 6 consist mostly of students born

before 1990, who began their university studies prior to the introduction of Law 170/2010

in Italy, which formally recognizes dyslexia, dysorthography, dysgraphia, and dyscalculia

as SLDs. Although neither group received formal support, students in Group 3 completed

their university education, whereas many in Group 6 did not pass all their exams within the

expected time and often dropped out.

As shown in Table 3.3, the difference in academic success between the two groups may be

related to the severity of the challenges they faced. Group 3 contains students with milder

forms of dyslexia, while Group 6 is composed of students with more extensive difficulties.

Groups 2 and 5 include students born between 1990 and 1999. Group 5, representing 10%

of the sample, can be considered the ”success” group, as these students completed their

university degrees. Despite receiving their dyslexia diagnosis relatively late (in their first

or second year of university), they benefited from support from associations, friends, and
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psychologists. Group 2, which makes up 24% of the sample, includes students born between

1990 and 1999 who are currently in their 4th or 5th year of university or enrolled in additional

years. These students were diagnosed with SLD in the last three years of high school and

received support from tutors and parents. Groups 1 and 4 primarily consist of students

born after 1999. Group 1, representing 31% of the sample, includes students born after

1999 who are currently enrolled in university as part-time students. They were diagnosed

with SLD during elementary or secondary school and received specific assistance from public

and private speech therapists as well as teachers. Group 4, which makes up 17% of the

sample, is similar to Group 1 and includes students born after 1999 who are currently in

high school or in their first two years of university. This group received their SLD diagnosis

slightly later than Group 1 (during secondary school or early high school) and were supported

by private speech therapists and psychologists. These students were diagnosed through

specialist services within the Italian National Health System.

3.0.2 Results of the use of the ML classification

After the initial exploratory analysis, the next part of the project focused on the use of a suite

of ML algorithms to predict the most useful learning tools and study strategies for dyslexic

students. As discussed in Chapter 2.0.3, four supervised ML algorithms, namely the RF, LR,

SVM and k-NN were used to analyze the most useful items reported in Table 2.2. To calculate

the effectiveness of these algorithms for the task, the weighted prediction accuracy and the

F1-score were calculated. Table 3.4 reports the names of the best algorithms along with their

setup, accuracy and F1-score for each learning tool and study strategy. To avoid confusion,

the tool number 4 was excluded from the analysis, as explained in Chapter 2.0.3. Table 3.5

instead, shows the results of the best algorithms that predict each study strategy. To have a

global understanding of the reuslts, is better to watch at the average scores reported in Table

3.6, Table 3.7 and Table 3.8. The weighted accuracy in predicting both tools and strategies

averages around 90%, specifically 88.7% for the former and 91.6% for the latter. Overall, a

global accuracy of 90.4% is attained, with low standard deviations of 0.079 for tools, 0.088

for strategies, and 0.084 overall. This means the algorithm delivers approximately 9 correct

predictions out of 10. The F1-score further supports these results, reaching 0.927 for tools,

0.945 for strategies, and 0.938 overall. The maximum accuracy recorded is 0.978 for tools and

0.994 for strategies, while the lowest is 0.725 and 0.705, respectively, showing a noticeable

difference from the best cases. The vast majority of the learning tools and study strategies

were predicted with an accuracy above 84%. Indeed, only the learning tools T1, T11 and

T12 were predicted with an accuracy of 72%, 74% and 77% respectively. Instead for the
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Learning
Tool

Best performing
algorithm

Algorithm
setup

Accuracy
(weighted)

F1-score

T1 SVM
Linear kernel, binary input

(Thr = 1.5)
0.725 0.813

T2 RF Score 0.90 0.94
T3 k-NN k=39, numeric input 0.89 0.93

T5 SVM
Linear kernel,
numeric input

0.84 0.89

T6 RF Score 0.96 0.98

T7 SVM
RBF kernel,
numeric input

0.98 0.98

T8 SVM
Linear kernel,
numeric input

0.91 0.94

T9 SVM
Linear kernel,
numeric input

0.91 0.94

T10 SVM
Linear kernel,
numeric input

0.93 0.96

T11 SVM
RBF kernel,
numeric input

0.74 0.82

T12 SVM
RBF kernel,
numeric input

0.77 0.84

T13 k-NN k=31, numeric input 0.95 0.97

T14 SVM
RBF kernel, binary input

(Thr = 2.5)
0.97 0.98

T15 SVM
Linear kernel,
numeric input

0.91 0.95

T16 SVM
RBF kernel,
numeric input

0.99 0.94

T17 k-NN k=31, numeric input 0.92 0.95

Table 3.4: Best-predicting algorithms and setups for each learning tool

study strategies, only S1, S19, S20 and S 21 were predicted with an accuracy of 70%, 77%,

79% and 82% respectively, Therefore, the selected ML models were able to accurately predict

the best learning tools and study strategies. If such a level is deemed insufficient, it may be

advisable to exclude these 5 tools/strategies and focus on the remaining 30. After removing

these items, the average accuracy increased to 92.7% for the learning tools, 94.8% for the

study strategies, and 94.0% overall, with standard deviations of 0.029, 0.043, and 0.039,

respectively. Additionally, the average F1-score improved to 0.955 for the learning tools,

0.968 for the study strategies, and 0.966 overall, offering further evidence of the model’s

strong performance.

Furthermore, the SVM algorithm outperforms the others most frequently, winning in 21

61



CHAPTER 3. THE RESULTS OF THE VRAILEXIA PROJECT

Study
Strategy

Best performing
algorithm

Algorithm
setup

Accuracy
(weighted)

F1-score

S1 SVM
RBF kernel,
numeric input

0.70 0.80

S2 k-NN k=31, numeric input 0.97 0.98
S3 k-NN k=31, numeric input 0.98 0.98
S4 RF Score 0.97 0.98

S5 SVM
RBF kernel,

binary input (Thr = 1.5)
0.98 0.97

S6 RF Score 0.98 0.98

S7 k-NN
k=31, binary input

(Thr=1.5)
0.93 0.96

S8 k-NN k=39, numeric input 0.85 0.91

S9 SVM
RBF kernel,
numeric input

0.86 0.91

S10 SVM
RBF kernel, binary input

(Thr=1.5)
0.88 0.93

S11 SVM
RBF kernel,
numeric input

0.93 0.96

S12 SVM
RBF kernel,
numeric input

0.97 0.98

S13 RF Score 0.98 0.99
S14 RF Score 0.99 0.98

S15 k-NN
k=31, binary input

(Thr=1.5)
0.96 0.97

S16 RF Score 0.97 0.98
S17 k-NN k=31, numeric input 0.93 0.96

S18 k-NN
k=31, binary input

(Thr=1.5)
0.97 0.96

S19 SVM
RBF kernel,
numeric input

0.77 0.84

S20 SVM
RBF kernel,
numeric input

0.79 0.86

S21 SVM
RBF kernel,
numeric input

0.82 0.89

S22 SVM
RBF kernel,
numeric input

0.93 0.96

Table 3.5: Best-predicting algorithms and setups for each study strategy
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Learning Tools
Average prediction

accuracy
0.887

Accuracy standard
deviation

0.079

Maximum accuracy 0.978
Minimum accuracy 0.725
Average F1-score 0.927

Table 3.6: Average learning tools scores

Study strategies
Average prediction

accuracy
0.916

Accuracy standard
deviation

0.088

Maximum accuracy 0.994
Minimum accuracy 0.705
Average F1-score 0.945

Table 3.7: Average study strategies scores

Global
Average prediction

accuracy
0.904

Accuracy standard
deviation

0.084

Maximum accuracy 0.994
Minimum accuracy 0.705
Average F1-score 0.938

Table 3.8: Average global scores
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Useful items
(as stated by students)

Useless items
(as stated by students)

Predicted as useful
(by the algorithm)

Learning tools: 90.3% Learning tools: 9.7%
Study strategies: 94% Study strategies: 5.9%

Global: 92.4% Global: 7.6%

Predicted as useless
(by the algorithm)

Learning tools: 13.4% Learning tools: 86.6%
Study strategies: 8.7% Study strategies: 91.3%

Global: 10.7% Global: 89.3%

Table 3.9: Prediction accuracy of the proposed algorithm, calculated on the tested real case

out of 38 cases, particularly when the input is treated as numeric and the RBF kernel is

applied. Following SVM, k-NN performs best in 10 out of 38 cases, with k set to 31 in 8

instances and 39 in 2, also typically using numeric input. RF comes in third, outperform-

ing the others in 7 out of 38 instances, consistently when the input is treated as a score.

LR, however, does not surpass the other algorithms in any scenario. After selecting and

implementing the most effective prediction algorithm, it was tested in a real-world scenario.

The test involved comparing the support tools and strategies that 43 dyslexic students found

useful or ineffective, based on their own experience, with the predictions generated by the al-

gorithm using the challenges these students encountered throughout their studies. As shown

in Table 3.9, the results confirmed the algorithm’s high accuracy. Over 92% of the method-

ologies (both tools and strategies) predicted to be useful were indeed helpful, while nearly

90% of those predicted to be ineffective were actually found to be so. Similar outcomes

were observed when tools and strategies were analyzed individually. These findings demon-

strate that the algorithm can effectively predict the most beneficial support methodologies

for dyslexic students.

In addition, this study shows that different learning tools and study strategies are best

predicted with different models and with specific hyperparameters configuration. This is an

interesting aspect that will be further investigated in the future.

3.0.3 Results of the recommendation system

The last part of the VRAILEXIA project focused on the creation of a recommendation model

capable of suggesting the best learning tools and study strategies to dyslexic students. As

discussed in Chapter 2, three types of RS models were compared: item-based, user-based

and hybrid RSs (which mixes the other two with a weight system). Each of the RSs was

analyzed using three different metrics, namely the Euclidean distance, the Cosine distance

and the Pearson correlation. The first step of the study was to compared the different weight
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similarity n MAE 0 MAE 1/8 MAE 1/7 MAE 1/6 MAE 1/5 MAE 1/4 MAE 1/3 MAE 1/2 MAE 2/3 MAE 1
Euclidean 3 1.1832 1.1315 1.1245 1.1152 1.1027 1.0846 1.0563 1.0049 0.9594 0.8920
Euclidean 5 1.1866 1.1347 1.1275 1.1179 1.1050 1.0863 1.0568 1.0015 0.9522 0.8750
Euclidean 7 1.1944 1.1412 1.1342 1.1250 1.1123 1.0939 1.0643 1.0085 0.9562 0.8735
Euclidean 11 1.2193 1.1650 1.1576 1.1479 1.1343 1.1146 1.0829 1.0244 0.9690 0.8782
Cosine 3 1.1839 1.1425 1.1371 1.1301 1.1212 1.1086 1.0895 1.0580 1.0309 0.9876
Cosine 5 1.2505 1.2020 1.1954 1.1867 1.1749 1.1576 1.1301 1.0815 1.0381 0.9647
Cosine 7 1.2754 1.2242 1.2177 1.2091 1.1972 1.1796 1.1511 1.0972 1.0486 0.9636
Cosine 11 1.3106 1.2550 1.2476 1.2380 1.2248 1.2054 1.1737 1.1136 1.0594 0.9659
Pearson 3 0.8217 0.8128 0.8118 0.8107 0.8096 0.8093 0.8128 0.8314 0.8648 0.9661
Pearson 5 0.9092 0.8870 0.8843 0.8809 0.8766 0.8708 0.8639 0.8614 0.8735 0.9329
Pearson 7 0.9810 0.9494 0.9452 0.9398 0.9326 0.9227 0.9080 0.8913 0.8889 0.9222
Pearson 11 1.0868 1.0398 1.0336 1.0256 1.0147 0.9992 0.9756 0.9383 0.9160 0.9148

Table 3.10: Experimentation results considering the different similarity measures, number
of neighbors and weights for the hybrid implementation. The best result (highlighted in the
table) has been obtained by the hybrid method with an α value equal to 1/4, using Pearson
as similarity measure and 3 neighbors.

configurations for the hybrid RS. In addition,the optimal number of neighbors to consider

was determined. Table 3.10 presents all the results from the different configurations of the

system, where n represents the number of neighbors used for similarity calculation, and

MAE x refers to the MAE obtained using the hybrid model with an α value set to x.

Table 3.10 shows that the hybrid model, with an α value of 1/4 and a Pearson correla-

tion with 3 neighbors, obtained the most favourable outcome compared to the other cases

analyzed. The final MAE was 0.8093. To have a comparable measure, the relative error was

calculated as:

εr =
1

N

∑
i,j

(
|pi,j − qi,j|

qi,j
) (3.1)

where i indicates the i-th tool or strategy and j the j-th student tested, N is the total

number of evaluations, pi,j is the real score given by the j-th student to the i-th methodology

and qi,j is the real score given by the j-th student to the i-th methodology. The obtained

result is 11.93%. Currently, there is no system in place that offers recommendations for this

specific type of tools and study methodologies, or anything closely related. However, the

error rates obtained in the evaluation suggest that employing a hybrid RS to suggest the

most effective support methodologies for dyslexic students is a viable approach. The system

achieved an error of less than one point on the 5-point rating scale used for evaluating the

recommendations. This means that, for example, if the RS suggests a methodology with

a rating of 1 (indicating very limited usefulness), the actual usefulness would fall within

a range of 0.2 (not useful at all) to 1.8 (somewhat useful), which would still make it a

valid recommendation. Similarly, if the RS recommends a methodology with a rating of 4

(indicating high usefulness), the actual rating would likely be between 3.2 (useful) and 4.8

(very useful), offering a reasonably accurate prediction. These results demonstrate that even
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with some margin of error, the system can provide acceptable and useful recommendations

to support dyslexic students in their studies. In addition, Table 3.10 shows that the optimal

number of neighbors is 3, with an average MAE of 1.1816. Higher numbers led to worse

performances in most of the cases reported. A smaller number of neighbors, such as 3,

allows for the suggestion of less popular items, avoiding the spread of misinformative items

[45].

The next step of the study was to investigate the best configuration for every single

weight. Each of the considered variants were subjected to individual analysis to identify the

optimal configuration and the MAE. The results are summarized in Table 3.11.

alpha Best configuration Best MAE
0 Pearson; n=3 0.8217
1/8 Pearson; n=3 0.8128
1/7 Pearson; n=3 0.8118
1/6 Pearson; n=3 0.8107
1/5 Pearson; n=3 0.8096
1/4 Pearson; n=3 0.8093
1/3 Pearson; n=3 0.8128
1/2 Pearson; n=3 0.8313
2/3 Pearson; n=3 0.8648
1 Euclidean; n=7 0.8734

Table 3.11: Best configurations and MAEs obtained for the different weights in the hybrid
model.

An interesting insight from Table 3.11 is that the Pearson metric consistently delivers

the best performance in most cases. For each weight configuration, Pearson outperforms

other metrics, with the exception of the purely user-based filter, where the best results

are obtained using the Euclidean distance. In this specific case, the optimal number of

neighbors is 7, as opposed to 3 in the other configurations. Despite these differences, the

variations in performance across the different metrics are not particularly significant, with

the results ranging from 0.8734 to 0.8093. This difference becomes even less pronounced

when focusing on the hybrid models that emphasize the user-based methodology, where the

MAE lies within a narrow range of 0.8093 to 0.8217. Another key observation is that an

alpha value of 1/4 marks the turning point at which the system’s performance starts to

degrade, with a more noticeable decline as the alpha value increases beyond this point. This

suggests that balancing the weight between user-based and item-based methods is critical for

maintaining optimal system performance. The differences between the results of the optimal

configurations of each weight are shown in Figure 3.4.
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User-based weight (α)

M
A

E

0.80

0.82

0.84

0.86

0.88

0 1÷8 1÷7 1÷6 1÷5 1÷4 1÷3 1÷2 2÷3 1

Figure 3.4: Best MAE for the different hybrid RS weight configurations.

The differences in performance across the various similarity metrics become more appar-

ent in Figure 3.5. This figure highlights the results for each similarity measure using the

selected weights, focusing on the best performance achieved by each metric. Of the metrics

tested, the Cosine distance had the highest average MAE (1.1432) across all experiments,

indicating relatively poor performance. The Euclidean distance performed similarly to the

Cosine distance, with an average MAE of 1.0723, suggesting it may not be the best fit for our

system. However, as previously mentioned, Euclidean distance does perform better when

used within a user-based filter context. In contrast, Pearson correlation consistently yielded

lower MAE values, making it the top-performing metric overall. Another noteworthy ob-

servation is how the metrics respond to changes in the parameter α. As α increases, both

Euclidean and Cosine similarities experience a decline in performance, while Pearson corre-

lation remains relatively stable. It only starts to show a rise in MAE when the system shifts

towards a fully user-based algorithm. This stability highlights the robustness of the Pear-

son metric, particularly in hybrid models where it continues to perform well across varying

configurations.

Since the hybrid model with an α = 1/4, using Pearson’s correlation and 3 neighbors for

similarity calculations, achieved the lowest MAE, it was selected as the optimal system for

recommending learning strategies and support tools for dyslexic students. To further validate

the effectiveness of this recommendation model, it was also evaluated using precision and
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User-based Hybrid Item-based

01α=0 α=1/8 α=1/7 α=1/6 α=1/5 α=1/4 α=1/3 α=1/2 α=2/3 α=1

Item-based User-based

Figure 3.5: Comparison among different weight-pairs of the hybrid approach according MAE.

recall at k metrics [109]. In this evaluation, a rating threshold of 3 on the Likert scale was

used to classify a tool or strategy as relevant. This threshold was determined by a panel of

experts in dyslexia support methodologies and is a common reference point in the literature

when using Likert-scale ratings from 0 to 5 [61]. The precision and recall metrics can be

defined as follows:

• Precision@k: is the proportion of recommended items in the top-k set that are relevant.

It can be calculated as:

Precision@k =
V@k

R@k
(3.2)

where V@k is the number of recommended items at k that are relevant for an user and

R@k is the total number of recommended items at k.

• Recall@k: is the proportion of relevant items found in the top-k recommendations. It

can be obtained through:

Recall@k =
V@k

T
(3.3)

where V@k is the number of recommended items at k that are relevant for an user and

T is the total number of relevant items.

Similar to the MAE calculation, precision@k and recall@k were computed for the 290 users
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Received RS suggestions Not received RS suggestions
Non-dyslexic 8.6 8.2
Dyslexic 8.2 7.1

Table 3.12: Score received by dyslexic and non-dyslexic students that adopted or not the RS
system suggestions

in the test set. The proposed hybrid recommendation system achieved an average precision

of 0.8524 and an average recall of 0.8278. This means that, based on precision, 85% of the

methodologies recommended to a specific student are relevant support tools or strategies.

Additionally, the recall indicates that approximately 83% of all relevant tools for each student

were captured by the recommendations. These findings corroborate the results from the MAE

analysis, further affirming the effectiveness of the proposed recommendation system. Once

the utility of the hybrid recommendation model was confirmed, its optimal configuration

was employed to evaluate the algorithm’s impact on the learning experiences of students

in a real-world setting. The experiment outlined in Section 2.0.4 was conducted, yielding

results presented in Table 3.12. This table shows the average scores obtained by four groups:

(i) non-dyslexic students who received suggestions from the RS, (ii) non-dyslexic students

who did not receive suggestions, (iii) dyslexic students who received suggestions, and (iv)

dyslexic students who did not receive suggestions. This comparative analysis aims to assess

the effectiveness of the recommendation system in enhancing the learning outcomes of both

dyslexic and non-dyslexic students.

The results clearly demonstrate that the adoption of the support tools and strategies

recommended by the implemented RS significantly enhances the scores of dyslexic students,

with an increase of over 1 point. This confirms that the proposed approach can effec-

tively aid their learning experience. Additionally, non-dyslexic students also experienced

an improvement in their average scores, increasing by 0.4 points. This finding opens up

intriguing avenues for future research into the broader effectiveness of ML-suggested support

methodologies. One particularly noteworthy outcome is that dyslexic students can achieve

performance levels comparable to those of their non-dyslexic peers, marking a meaningful

step toward genuine inclusivity in educational settings. This suggests that well-designed

recommendation systems can bridge the gap in learning experiences, enabling all students

to access the support they need to succeed.
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Chapter 4

Discussions and future perspectives

Dyslexia is a specific learning disorder that typically manifests during early childhood and has

a significant impact on various cognitive abilities, including reading, memorization, and con-

centration. Children with dyslexia often experience difficulties in recognizing and processing

written words, which can hinder their academic progress and affect their self-esteem. Over

the years, numerous researchers have tried to understand the underlying cognitive causes

of this complex disorder. Some theories suggest that dyslexia stems from a phonological

impairment, which means that individuals struggle to process the sounds of language. This

impairment makes it challenging for them to map sounds onto letters and words, a crucial

skill for reading. Other theories emphasize deficits in processing visual or auditory infor-

mation, proposing that difficulties in perceiving and integrating sensory inputs contribute

to the reading challenges faced by those with dyslexia. Despite the diversity of theories,

there is no consensus on a single cause of dyslexia. Instead, it is increasingly recognized as a

multifaceted condition that likely arises from an intricate interplay of genetic, neurological,

and environmental factors. The complexity of dyslexia is further underscored by its high

comorbidity with other neurodevelopmental disorders such as autism spectrum disorder and

attention-deficit/hyperactivity disorder. This overlap of conditions can exacerbate the chal-

lenges faced by individuals, making it even more difficult for them to succeed in academic

and social environments. For instance, a child with both dyslexia and ADHD may struggle

not only with reading but also with maintaining attention and managing impulsive behav-

iors, creating a compounded barrier to learning and social integration. Such challenges can

negatively impact their psychological well-being, leading to frustration, anxiety, and a lack

of confidence. Given these complexities, early diagnosis of dyslexia is crucial. Identifying

the disorder at an early stage allows for the timely implementation of support tools and in-

terventions that can help the child cope with their difficulties. One of the most widely used

methods for diagnosing dyslexia involves cognitive tests that assess a child’s abilities in vari-
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ous domains, including reading, phonological processing, and visual and auditory processing.

These tests are designed to identify specific areas of weakness and provide a comprehensive

understanding of the child’s cognitive profile. However, traditional diagnostic settings can

sometimes be intimidating for children, potentially affecting their performance and the ac-

curacy of the diagnosis.

To address these limitations, modern technology has introduced innovative solutions that

make the diagnostic and support processes more accessible and engaging. Digital tools such

as computers, smartphones, tablets, and virtual reality devices are now widely used to sup-

port children with dyslexia. These technologies offer several advantages over conventional

methods. For one, they are easily accessible and familiar to most children, making them

more likely to engage with the tools. Additionally, they provide a more interactive and

enjoyable environment compared to the clinical settings where traditional tests are usually

conducted. For example, diagnostic assessments can be embedded within mini-games that

evaluate cognitive skills in a playful and non-threatening manner. This approach not only re-

duces anxiety but also allows for more accurate assessments, as children are likely to perform

better when they are relaxed and engaged. Moreover, technology-based tools are invaluable

for ongoing support and rehabilitation. Educational apps and games can be tailored to ad-

dress specific areas of difficulty, such as phonological processing or visual tracking, providing

personalized and adaptive learning experiences. Virtual reality environments can simulate

real-life scenarios in which children practice reading and comprehension skills in a dynamic

and immersive way. These tools can help children develop strategies to compensate for their

deficits, ultimately enhancing their academic performance and self-confidence.

Among the various modern technologies currently being explored, one stands out as

particularly promising: the implementation of artificial intelligence and machine learning

algorithms. These are sophisticated mathematical models designed to process and analyze

vast amounts of diverse data, revealing hidden patterns, classifying information, and pre-

dicting future outcomes. The application of these models is rapidly expanding across nearly

every human-related domain, and the field of education is certainly no exception. Notably,

an increasing number of studies are focusing on harnessing these models to detect dyslexia

early and to develop tools that can alleviate the challenges faced by individuals with dyslexia.

This is of paramount importance because if dyslexia goes undiagnosed or if diagnostic efforts

fall short, the implementation of effective support systems becomes even more crucial to as-

sist students with dyslexia. Additionally, machine learning offers the valuable advantage of

enabling the creation of personalized tools tailored to meet the unique needs of each user.

By learning and adapting over time, these algorithms are capable of providing targeted as-

sistance designed to ease the specific challenges faced by different students. Unfortunately,
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much of the current research primarily centers on children and adolescents with dyslexia,

while relatively little attention has been directed toward university students with the condi-

tion. However, focusing on higher education students presents significant reasons that should

not be overlooked. For instance, the cognitive demands and level of effort required in pri-

mary education differ greatly from those encountered at the university level. Furthermore,

the intensity of study and the complexity of the material increase substantially, making it

reasonable to assume that university students with dyslexia may require distinct support

tools compared to those used for younger students in primary education.

In light of this, we have created VRAILEXIA, a framework that combines artificial in-

telligence and virtual reality to create personalized support tools for dyslexic university

students. This project aims to leverage on the collaboration of several European Universi-

ties and private companies to create an ensemble of tools capable of offering a personalized

help to dyslexic students. The ”IN THE BOX” unit is focused on creating virtual reality

assessments for dyslexics while the ”BE SPECIAL” unit is focused on creating artificial

intelligence models to support dyslexic users during their learning path. The VRAILEXIA

project aims not only to create tools that directly assist dyslexic students but also to serve

as a comprehensive reference point for educators who seek to deepen their understanding of

dyslexia and explore the most effective teaching practices for dyslexic learners. By offering

access to an online repository, the project equips teachers with specialized materials that

can be integrated into their lessons to enhance the educational experience of students with

dyslexia. Furthermore, a key goal of the VRAILEXIA initiative is to foster collaboration

among European universities, creating a network for sharing valuable insights and developing

innovative approaches to teaching that promote the inclusion of dyslexic students.

One of the central components of the VRAILEXIA project currently under development

is its artificial intelligence segment, which has been the primary focus of this dissertation.

The research began with an exploratory analysis that involved 1,261 dyslexic participants.

These participants were asked to complete a detailed questionnaire, which gathered various

pieces of information, including demographic data, specific challenges they faced in their

learning journeys, and the learning tools and study strategies they found most effective in

overcoming or mitigating some of these difficulties. The findings of this research revealed

a significant generational difference in the level of support received by dyslexic students.

More than half of the participants born before 1990 reported that they had not received

adequate support for their dyslexia. In contrast, those born after 1990 were more likely to

have received appropriate aid. This discrepancy is likely due to the gradual improvement

in our understanding of dyslexia over time, coupled with a growing recognition that early

intervention is critical in addressing the challenges posed by the disorder. Another datum

72



CHAPTER 4. DISCUSSIONS AND FUTURE PERSPECTIVES

that support these claims is the percentage of dyslexic students that received their diagnose

based on the year they were born. Indeed, 70% of the people born in or before the 1990,

received their diagnosis later in life, during the final years of the tertiary school while 53%

of the people born between 1990 and 1999. Lastly, 68% of the students born in or after the

1999, received their diagnosis during primary or secondary school. This datum is in line with

the hypothesis that during the years, a greater understanding and a growing recognition of

the importance of a timely intervention, developed.

Thanks to the data collected, an agglomerative cluster analysis was performed, which

identified six distinct groups of students, organized by their year of birth. Of these six

groups, three were categorized as at risk of not completing their studies, while the other

three had either successfully graduated or were on track to graduate. This classification en-

abled a deeper exploration into the specific challenges each group faced, as well as the most

effective learning tools and strategies they employed. A key insight from the analysis was the

importance of social engagement in academic success. Interestingly, all six groups highlighted

group activities as one of the most effective study strategies. This finding underscores the

critical role that social inclusion and collaboration play throughout the academic journey,

fostering not only academic achievement but also a sense of belonging among students. By

working together, students were able to better grasp complex topics and share insights, ben-

efiting from diverse perspectives within their study groups. Another study strategy widely

deemed as beneficial across the groups was the incorporation of regular exam assessments.

These assessments not only helped students become familiar with the format and structure

of exams but also provided valuable opportunities for them to evaluate their understanding

of key concepts presented during lectures. Receiving intermediate feedback throughout the

course allowed students to identify areas of weakness and take corrective action well before

the final exam, ensuring a more comprehensive understanding of the material. In terms of

learning tools, the analysis revealed that two technological resources were particularly fa-

vored by the groups: audiobooks and tablets. These tools proved to be highly effective for

students with and without specific learning disorders, further validating the growing role of

technology in modern education. Audiobooks facilitated learning on the go, while tablets of-

fered versatility in accessing course materials, enabling students to study in various locations

and environments. In addition to digital tools, more traditional methods such as concept

maps, summaries, and visual aids were also cited as extremely useful. These tools helped

simplify complex subjects by organizing information in a clear, concise manner, making it

easier for students to retain key points. Notably, the flexibility of modern devices allowed for

the integration of these tools, giving students the freedom to access and engage with their

study materials whenever and wherever they chose to study.
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After the exploratory analysis, four machine learning algorithms were used to detect the

most useful learning tools and study strategies for each student. The goal was twofold, on

one hand was to check if it was possible to use mathematical models to predict the best

learning tools and study strategies for each student, on the other hand, was to identify

the best possible parameters for each model for this task. The accuracy obtained by the

models for the learning tools ranged from 72,5% to 97,8%, with an average of of 88,7%.

The support vector machine model emerged as the most effective choice for the majority

of learning tools, outperforming other models in 11 out of 16 instances. Following support

vector machine, k-Nearest Neighbors was the best model in 3 out of 16 cases, while the

random forest model was most successful in 2 out of 16. A similar pattern was observed

within the study strategy set: the support vector machine model led in performance for 10

out of 22 study strategies, with k-Nearest Neighbors excelling in 7 out of 22, and random

forest being the top model for 5 out of 22 strategies. The models demonstrated a wide range

in accuracy across study strategies, from a minimum of 70.5% to a peak of 99.4%. Beyond

illustrating the benefits of machine learning in this field, these findings highlight that specific

algorithms may be better suited for particular tasks, indicating that a combination of models

could offer a more effective solution than relying on any one model subset. Furthermore,

using tailored machine learning models to recommend the most appropriate learning tools

and study strategies supports our objective of creating personalized assistance tools for

students, with this customization mirrored in the selection of models deployed.

The final phase of the VRAILEXIA project involved creating a recommendation sys-

tem designed specifically to identify and suggest optimal learning tools and study strategies

for dyslexic students. The primary objective of this experiment was to evaluate the per-

formance of a tailored recommendation model in comparison to other established machine

learning algorithms. Among various types of recommendation systems, we selected collab-

orative filtering, a method focused on suggesting the most suitable items based on ratings

given by similar users. Collaborative filtering comprises several approaches, notably the

user-based, item-based, and hybrid models. In the user-based approach, recommendations

are generated based on similarities between users. This method operates on the idea that

users who share similar tastes or preferences will also likely benefit from similar tools or

strategies. By identifying users with comparable learning needs or challenges, the system

can recommend items that these similar users have found helpful. The item-based approach,

in contrast, centers on identifying similarities between items rather than users. Instead

of analyzing user preferences, it compares items directly, recommending tools or strategies

similar to those the user has already liked or engaged with. This approach is particularly

effective for users who may not have much interaction data available, as it relies on the
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characteristics of the items themselves rather than user histories. The hybrid approach com-

bines both user-based and item-based filtering methods, assigning varying weights to each

to optimize recommendations. By leveraging the strengths of both approaches, the hybrid

model enhances accuracy and provides more personalized recommendations, accommodat-

ing the diverse and specific needs of dyslexic students. In addition to exploring different

collaborative filtering approaches, we also tested three similarity metrics to measure the

closeness between users or items. The metrics examined were Euclidean distance, Pearson

correlation, and Cosine similarity, each offering unique insights into user or item relation-

ships. After conducting multiple analyses that paired the different collaborative filtering

approaches with these similarity metrics, we found that the hybrid model, combined with

Pearson correlation, delivered the highest accuracy in recommending effective learning tools

and study strategies.

To validate these findings further, we organized an experiment involving both dyslexic

and non-dyslexic students. This experiment aimed to assess the effectiveness of the recom-

mendation model in a real-world learning environment. Participants were divided into four

groups: dyslexic and non-dyslexic students who followed the study suggestions generated

by the recommendation model, and dyslexic and non-dyslexic students who used their own

preferred study methods. Each group was tasked with studying specific books, and their com-

prehension and retention were evaluated by experienced university professors. The results

were compelling. Both dyslexic and non-dyslexic students who utilized the recommendation

model’s suggestions achieved higher scores than their peers who relied on their usual study

methods. This outcome strongly supports the effectiveness of the recommendation model

and underscores its potential as a valuable tool for improving academic outcomes for uni-

versity students, particularly those with dyslexia. These findings emphasize the utility of

a personalized recommendation system in providing targeted, effective support, potentially

transforming the way students with diverse learning needs approach their studies.

The VRAILEXIA project has generated a range of interesting results across multiple

experiments, offering valuable insights into the development of tailored learning tools and

study strategies for dyslexic students. These findings provide a promising foundation for

further investigation, potentially paving the way for more refined and widely applicable

educational support systems. However, this project also has certain limitations that merit

attention and discussion in this section.

The primary limitation of the project relates to the number of students who participated

in the study. While involving over 1,200 dyslexic students offers a substantial starting point

for preliminary analysis, an even larger and more diverse sample size would likely increase

the statistical power and robustness of the findings. A higher number of participants would
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allow for more sophisticated statistical analyses, enabling the detection of subtler trends

and variations that a smaller dataset might overlook. This could also lead to a more com-

prehensive understanding of how different factors—such as age, academic level, or learning

context—impact the effectiveness of recommended tools and strategies for dyslexic students.

Furthermore, expanding the sample size would improve the generalizability of the results,

making it easier to apply the insights gained to a broader population of dyslexic students.

Given the diversity in learning profiles among individuals with dyslexia, a larger sample

could capture a wider array of learning needs, preferences, and challenges. This would

enable the recommendation system to be fine-tuned to better accommodate the diverse cog-

nitive and educational requirements of dyslexic learners. Additionally, increasing the number

of participants, particularly from varied geographical, linguistic, and cultural backgrounds,

could help highlight whether the recommendation model performs consistently across differ-

ent educational systems and cultural contexts, offering a truly global perspective. Another

consideration is the benefit of longitudinal data. With a larger pool of students, it would

be possible to track learning outcomes over an extended period, assessing not only imme-

diate improvements but also long-term retention and academic progress. This would add

another layer to the analysis, helping to establish the enduring impact of the VRAILEXIA

recommendations on dyslexic students’ academic success and study habits.

Another key limitation lies in the need to validate the recommendation system’s results

against outputs generated by a range of machine learning algorithms. While certain machine

learning models may outperform the recommendation model on accuracy metrics alone, these

metrics don’t always capture the practical effectiveness of the outputs in real-world settings.

A higher accuracy rate in predictive modeling doesn’t necessarily equate to better support

for dyslexic students. To confirm true efficacy, machine learning outputs should be tested

with real users who can provide qualitative feedback on their usability and relevance to in-

dividual learning needs. This feedback is essential for evaluating whether the most accurate

model from a technical standpoint also delivers tangible benefits in practice. Additionally,

the sample size of students tested using the recommendation model should be expanded.

Increasing the number of participants would not only allow for a more robust comparison

across various machine learning models but also provide a more reliable basis for statistical

analysis. A larger sample size improves the generalizability of the findings and increases

the statistical power, allowing for greater confidence in the observed differences in model

performance. Furthermore, with a larger dataset, it may be possible to tailor recommenda-

tions more precisely, potentially leading to an iterative improvement in the recommendation

model itself. Ultimately, to develop a recommendation system that provides consistent, real-

world value, the study should integrate quantitative performance metrics with qualitative
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user feedback and expand the dataset to capture a broader range of user experiences. This

approach will help ensure that the recommendations align not only with theoretical accuracy

but also with practical effectiveness.

Another important limitation of this project is the specific selection of learning tools

and study strategies included. The items and strategies evaluated were those that dyslexic

students, through their own experiences, found to be the most helpful along their learning

journeys. Many of these tools are technology-based, including audiobooks, e-books, tablets,

and similar resources. However, as technology continues to evolve, new devices, software,

and digital platforms are constantly being introduced and embraced by new generations

of students. These emerging technologies offer both new opportunities and challenges for

enhancing learning experiences.

For example, artificial intelligence driven tools are rapidly gaining popularity among stu-

dents as they facilitate personalized and interactive learning. artificial intelligence-based

systems now allow students to engage in a real-time, question-and-answer format with the

technology, enabling them to request explanations, examples, or even detailed breakdowns of

complex topics. This personalized interaction contrasts with the limitations of traditional ed-

ucational settings, where professors are generally available only during lectures or scheduled

office hours. AI tools, on the other hand, are available 24/7, offering students an on-demand

resource that adapts to their schedules and learning needs, which is especially valuable for

students with learning differences who may require extra time or alternative explanations for

specific concepts. As artificial intelligence and other technology-based learning tools become

more sophisticated, they have the potential to address several challenges that dyslexic and

other students face in conventional learning environments. For instance, artificial intelli-

gence can assist in breaking down complex information into more manageable parts, provide

audio-visual explanations, and deliver text in dyslexia-friendly formats, all of which can sig-

nificantly enhance comprehension and retention for students who struggle with traditional

text-heavy materials. Looking forward, it is essential that this project keeps pace with these

technological advancements to offer relevant and effective recommendations. This will in-

volve periodically revisiting and updating the study’s scope to include emerging tools and

technologies, ensuring that students receive the most current and effective support for their

learning needs. Future iterations of this project could explore not only artificial intelligence

based tools but also virtual reality for immersive learning, augmented reality for interactive

textbook overlays, and adaptive learning platforms that respond to each student’s progress

in real time. Integrating these innovations can provide a richer, more comprehensive set of

recommendations, ultimately supporting students in overcoming the unique challenges they

face in traditional academic settings.

77



CHAPTER 4. DISCUSSIONS AND FUTURE PERSPECTIVES

Aside from the technological limitations of the project, another key limitation arises from

the geographic and educational context of the participants. This study’s participants are

dyslexic students exclusively from Italian universities, which impacts the generalizability of

the findings. Since all analyses are based on the responses provided by this specific group, it

may be challenging to apply these insights broadly, especially across different educational sys-

tems internationally. Educational structures and expectations vary significantly by country,

including variations in university organization, lecture styles, and exam formats. For exam-

ple, some countries may emphasize written exams, while others prioritize oral assessments.

These structural differences can greatly influence the learning tools and study strategies that

dyslexic students find most effective in overcoming their challenges. In educational systems

that rely more heavily on written exams, students may develop strategies focused on reading

and writing efficiency, while those in systems favoring oral exams might prioritize verbal com-

munication skills and memory aids. Consequently, the study methods and tools developed

based on Italian students’ needs might not fully apply to dyslexic students in other countries

who are exposed to different instructional styles and evaluation methods. To capture these

potential differences, it would be essential to replicate similar studies in diverse countries

with varied educational systems. By doing so, researchers could detect cross-national differ-

ences in learning styles and tailor more universally applicable learning tools and strategies

that address the unique challenges posed by each educational organization. This approach

would enhance the global relevance and applicability of the findings, supporting dyslexic

students in a broader range of educational settings.

All of the limitations discussed in this chapter also represent valuable opportunities for

enhancing the reliability and applicability of the results obtained in this study. By address-

ing these limitations in future research, there is significant potential to refine the model and

expand its usefulness. The VRAILEXIA project has already yielded promising results and

laid essential groundwork for creating support tools that can be customized to meet the

specific needs of students. One of the most exciting possibilities for future directions is the

adaptability of these mathematical models over time. As students progress through their

education, their learning needs often evolve—study loads become more demanding, course

complexity increases, and the knowledge required becomes more advanced. For students

with dyslexia, these shifting demands can pose additional challenges that may require up-

dated or newly tailored learning strategies and tools. An adaptive recommendation system

that evolves in response to these changing needs would be an invaluable support, enabling

both dyslexic and non-dyslexic students to receive personalized assistance throughout their

educational journey.

Furthermore, such adaptability allows the system to remain relevant and effective as
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educational tools and strategies evolve. By dynamically adjusting to the user’s needs, this

system could provide ongoing, personalized support that enhances learning efficiency and

engagement, potentially improving outcomes for a broad spectrum of learners. This adaptive

aspect thus not only addresses current limitations but also represents a forward-looking

approach that aligns with the goal of creating a supportive, flexible learning environment

for all students.
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in education. Journal of Advanced Natural Sciences and Engineering Researches,

7(4):289–294, 2023.

[30] Carolien GF De Kovel, Barbara Franke, Frans A Hol, Jérémie JP Lebrec, Ben Maassen,

Han Brunner, George W Padberg, Jill Platko, and David Pauls. Confirmation of

dyslexia susceptibility loci on chromosomes 1p and 2p, but not 6p in a dutch sib-pair

collection. American Journal of Medical Genetics Part B: Neuropsychiatric Genetics,

147(3):294–300, 2008.

[31] Maria De Luca, Marta Borrelli, Anna Judica, Donatella Spinelli, and Pierluigi Zoc-

colotti. Reading words and pseudowords: An eye movement study of developmental

dyslexia. Brain and language, 80(3):617–626, 2002.

[32] Marc Peter Deisenroth, A Aldo Faisal, and Cheng Soon Ong. Mathematics for machine

learning. Cambridge University Press, 2020.

[33] Valentina Di Giusto, Giulia Purpura, Carla Fulvia Zorzi, Rosanna Blonda, Elena Braz-

zoli, Paolo Meriggi, Tarjn Reina, Silvia Rezzonico, Roberta Sala, Ivana Olivieri, et al.

Virtual reality rehabilitation program on executive functions of children with specific

learning disorders: a pilot study. Frontiers in Psychology, 14, 2023.

[34] Rebeca Diaz, Nils M Kronenberg, Angela Martinelli, Philipp Liehm, Andrew C Riches,

Malte C Gather, and Silvia Paracchini. Kiaa0319 influences cilia length, cell migration

and mechanical cell–substrate interaction. Scientific Reports, 12(1):722, 2022.

[35] Mirela Duranovic, Smajlagic Senka, and Branka Babic-Gavric. Influence of increased

letter spacing and font type on the reading ability of dyslexic children. Annals of

Dyslexia, 68:218–228, 2018.

[36] Mark D’Esposito, Bradley R Postle, and Bart Rypma. Prefrontal cortical contributions

to working memory: evidence from event-related fmri studies. Executive control and

the frontal lobe: Current issues, pages 3–11, 2000.

[37] John D Eicher and Jeffrey R Gruen. Language impairment and dyslexia genes influence

language skills in children with autism spectrum disorders. Autism Research, 8(2):229–

234, 2015.

[38] Tanya M Evans, D Lynn Flowers, Eileen M Napoliello, and Guinevere F Eden. Sex-

specific gray matter volume differences in females with developmental dyslexia. Brain

Structure and Function, 219:1041–1054, 2014.

83



BIBLIOGRAPHY

[39] Andrea Facoetti, Pierluigi Paganoni, Massimo Turatto, Valentina Marzola, and

Gian Gastone Mascetti. Visual-spatial attention in developmental dyslexia. Cortex,

36(1):109–123, 2000.

[40] Jannat Falah, Soheeb Khan, Tasneem Alfalah, Salsabeel FM Alfalah, Warren Chan,

David K Harrison, and Vassilis Charissis. Virtual reality medical training system for

anatomy education. In 2014 Science and information conference, pages 752–758. IEEE,

2014.

[41] Angela Fawcett and RI Nicholson. The dyslexia adult screening test (DAST). Pearson

London, 1998.

[42] Angela J Fawcett and Roderick I Nicolson. The dyslexia early screening test. The

Irish Journal of Psychology, 16(3):248–259, 1995.

[43] Angela J Fawcett, Roderick I Nicolson, and Paul Dean. Impaired performance of

children with dyslexia on a range of cerebellar tasks. Annals of Dyslexia, 46:259–283,

1996.

[44] A Feola, V Marino, A Masullo, M Trabucco Aurilio, LT Marsella, et al. The protection

of individuals affected with specific learning disorders in the italian legislation. Clin.

Ter, 166:177–181, 2015.
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