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Al for Students with Learning Disabilities: A Sys-
tematic Review

Sahrish Panjwani-Charania & Xiaoming Zhai

Abstract

This review study aims to uncover how artificial intelligence (Al) has been employed
to support students with learning disabilities (SWLDs). Of the 16 reviewed studies, 10
were focused on dyslexia, with only one focused on dyscalculia and the remaining fo-
cused on learning disabilities in general. The study suggests that only 50% of studies
focused on school-age children. Seven types of Al applications were used to support
SWLDs, including adaptive learning, facial expression, chat robots, communication as-
sistants, mastery learning, intelligent tutors, and interactive robots. Adaptive learning was
the most widely used. Employing the SAMR-LD (i.e., substitute, augment, modify, and
redefine—learning disability) model, we found that Al had been utilized in various ways
to support SWLDs (4 substitution, 6 augmentation, 2 modification, and 4 redefinition lev-
els). Findings revealed the potential of Al in supporting SWLDs, but the small number of
empirical studies also implies significant gaps and the need for more research on how Al
can support SWLDs beyond just identifying and diagnosing a learning disability.

keywords: learning disabilities, artificial intelligence (Al), dyslexia, dyscalculia,
adaptive learning, SAMR-LD
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1 Introduction

The number of individuals with learning disabilities worldwide has reached 79.2 million
and is increasing steadily (UNICEF, 2021). Learning disability impacts children’s listen-
ing, thinking, speaking, scientific reasoning, reading, writing, spelling, or math and has
created substantial needs for special education. In the United States, more than 15% of
public school students (approximately 2.3 million) receive special education services due
to learning disabilities; in countries with lower socio-economic developments, this need
is even more substantial due to the limited resources available (National Center for Ed-
ucation Statistics, 2022). Challenges with reading, writing, or math reasoning made this
group of students receive fewer opportunities to succeed in learning than their peers, as
evidenced by their consistently lower scores on reading, science, math, and other subjects
(Asghar et al., 2017).

Learning disabilities impact students in a wide range of academic skills but can
also impact their emotions and social abilities (Ouherrou et al., 2019). Research has
shown that students with learning disabilities (SWLDs) experience more negative emo-
tions, such as depression and loneliness, than their counterparts without learning disabili-
ties. Thus, supporting SWLDs in overcoming their academic needs will also support their
social and emotional development. Additionally, the impact of learning disabilities on
students is particularly profound in STEM areas. This is because learning in these disci-
plines demands students’ multimodal cognitive processing capacity, including acquiring,
retaining, and recalling information presented in class (Asghar et al., 2017). While teach-
ers support SWLDs in the classroom, it can be challenging to meet the needs of every
single SWLD in their classrooms, as a learning disability manifests itself in unique ways
for each student. Thus, teachers need advanced tools, such as Artificial Intelligence (AI)
applications, to help them identify students’ unique needs and strategies to meet them.
Furthermore, the importance of supporting SWLDs cannot be stressed more as their aca-
demic failures also impact their emotional status, and using Al to support them academi-
cally can help reduce the likelihood of these students being depressed or lonely.

Al has been used to support SWLDs for many years for diagnosis and intervention
purposes (Drigas & lIoannidou, 2013). Drigas and Ioannidou (2013) reported that Al could
be used to diagnose or screen for dyslexia and also for symptoms of disabilities such as
lower attention levels. Drigas & Ioannidou (2012) suggest that Al has the potential to
automate the scoring of essays, identify SWLDs’ reading and writing difficulties, create
psychological profiles for SWLDs, and estimate their spelling difficulties. However, these
studies primarily focus on screening and diagnosis of learning disability (Rauschenberger
et al., 2019; Rello et al., 2018; Zvoncak et al., 2019). While diagnosis and screening
are critical, they are insufficient for teachers to support SWLDs and provide customized
guidelines for SWLD learning. There is potential to develop Al learning interventions
for SWLDs (Drigas & Ioannidou, 2012, 2013). In the literature, a few applications, such
as intelligent tutoring systems, could provide speech therapy, personalized feedback, and
social skills development (Drigas & Ioannidou, 2012, 2013). As researchers calling for
equitable uses of Al to advancing learning for all (Zhai & Nehm, 2023), Looking more
in-depth into existing Al applications for SWLDs and uncovering what Al applications
are used and how those Al technologies have been integrated to support SWLDs in terms



of learning and intervention is critical to fill the existing gaps.

The purpose of this study was to systematically examine the literature and promote
an understanding of how Al has been used to support SWLDs, apart from it being used
only for screening or diagnostic purposes. Specifically, this study identified ways teachers
or students could use Al to provide individualized support for students who have already
been identified as having a learning disability. This study answered the following research
questions:

1. What Al Applications have been developed in the last 15 years to support students
with learning disabilities?

2. How have these Al technologies been integrated into supporting students with learn-
ing disabilities in the classroom?

2 Students with Learning Disabilities

Learning disabilities, also known as neurodevelopmental disorders, are due to genetic or
neurobiological factors that alter brain functions; thus, learning disabilities do not include
any learning problems that may be due to visual, hearing, emotional, or motor disabilities,
and it does not include any learning problems that may be due to environmental, cultural,
or economic disadvantages (Learning Disabilities Association of America, n.d.; Individ-
uals with Disabilities Education Act, 2007). The Individuals with Disabilities Education
Act, a crucial piece of legislation in the United States, provides a specific definition for
learning disability,

A disorder in one or more of the basic psychological processes involved in un-
derstanding or in using language, spoken or written, that may manifest itself in
the imperfect ability to listen, think, speak, read, write, spell, or to do mathemati-
cal calculations, including conditions such as perceptual disabilities, brain injury,
minimal brain dysfunction, dyslexia, and developmental aphasia. (Individuals with
Disabilities Education Act, 2007, para. 10)

Learning disabilities involve processing problems that interfere with basic learn-
ing skills such as reading, writing, math and other skills such as organization, scien-
tific reasoning, attention, and long or short-term memory (Learning Disabilities Associ-
ation of America, n.d.). Learning disabilities impacting different areas of learning have
also been categorized based on domains, including dyslexia (i.e., affects reading and re-
lated language-based processing skills), dysgraphia (i.e., affects handwriting ability and
fine motor skills), dyscalculia (i.e., affects the ability to understand numbers and learn
math facts) and non-verbal learning disabilities (i.e., affects the interpretation of nonver-
bal cues) (Learning Disabilities Association of America, n.d.). A learning disability can
be highly associated with students’ reading, writing, or math performance. Additionally,
students may be impacted socially and emotionally by having lower self-esteem, behavior
challenges, or social difficulties due to their academic struggles. Supporting SWLDs in
managing and coping with their academic challenges can help them achieve academically



and improve their social and emotional growth. Biittner and Hasselhorn (2011) found
that external factors cannot explain these learning disability-related performances. In ad-
dition, researchers found that learning disabilities can result from other types of disorders.
For example, Autism Spectrum Disorder (ASD), Attention Deficit Disorder (ADD), and
Attention Deficit Hyperactivity Disorder (ADHD) are not included in the learning disabil-
ities category. However, students with these disabilities can also have a learning disability,
thus falling into both categories.

There is a clear impact on academic performance for SWLDs, which is not ex-
plainable by external factors such as a physical disability or lack of adequate instruction.
This implies that SWLDs need neither a physical accommodation nor can their academic
struggles be blamed on inadequate instruction. Instead, SWLDs need individualized sup-
ports that can be provided most efficiently through high-intelligence technology such as
Al or a teacher. A teacher would need to sit with each student one-on-one to identify their
needs, determine the best-suited strategies, and then adapt the content to their needs and
learning styles. This task would be time-consuming, but Al could reduce the time and
effort a teacher needs. For example, an Al-based software could be used to collect data
on students’ needs which is then used to identify the most helpful tools and strategies for
that student (Zingoni et al., 2021). While a teacher would need to take time with each
student to determine that, not to mention the expertise the teacher would need to have,
an Al-based software could do this for multiple students simultaneously and more effi-
ciently. Similarly, if students need materials adapted for their different needs, a teacher
would require time to adapt the material for each student, but an Al-based mobile applica-
tion could quickly adapt the material for students’ needs by capturing the text via camera
and allowing students access to different tools to adapt the text. This Al-based application
would again be more efficient regarding the number of students that Al could support and
the amount of time needed.

3 Artificial Intelligence for Learning Disabilities

Al has been proposed for decades, but the field has not reached a consensus regarding
what Al is. Consequently, there is a multitude of definitions of Al, and they vary based
on the field. To clarify the understanding of Al, Samoili et al. (2020) conducted a qual-
itative analysis of over 50 documents defining Al, which were then used to develop an
operational definition for Al by a high-level expert group. They concluded that Al is
software and hardware designed by humans that act in the physical or digital dimen-
sion by perceiving the environment through data acquisition, interpretation, reasoning, or
processing of information and then deciding the best action to take to achieve the given
goal (Samoili et al., 2020). The popularity of Al has fluctuated in the past decades, and
the recent high attention drawn in academia and industry is due to the development of
a subcategory—machine learning (Thompson et al., n.d.), a milestone development, as it
enables the machine to "learn" from "experience" and apply what it learned to solve new
problems—similar to how humans usually do. This new feature has drawn enormous at-
tention, and thus different Al technologies (e.g., natural language processing, computer
vision) and applications are being developed and applied in every sector of society, in-



cluding in the field of education (Zhai et al., 2020). These formats include chat robots,
communication assistants, adaptive learning devices, facial expression recognition, intel-
ligent tutors, interactive robots, and mastery learning devices. The variation in the type
and intensity of Al applications in education makes Al a powerful tool to identify and
address the unique challenges SWLDs face with corresponding support.

In recent years, the literature has seen more publications regarding using Al to im-
prove outcomes for students with learning disabilities. Poornappriya and Gopinath (2020)
published a review study looking at machine-learning applications for dyslexia prediction
and e-learning for learning and cognitive disorders. Among 24 reviewed studies, six
employed external Al-based appearances to improve learning. Specifically, four were fo-
cused on providing customized or personalized learning, one was focused on the influence
of online learning activities, and one was on general machine learning intervention. The
majority of the reviewed studies (n = 13) focused on either screening, predicting, or di-
agnosing a learning disability or learning difficulty. Poornappriya and Gopinath’s (2020)
work shows an intense concentration of research in Al for SWLDs being focused on ei-
ther predicting, screening for, or diagnosing a learning disability, while less attention was
paid to improving SWLDs’ learning, which is of most importance, yet complex.

This literature review shifted from Poornappriya and Gopinath’s (2020) work by
looking specifically at studies using Al to support SWLDs in aspects other than predicting,
screening for, or diagnosing a learning disability. Three of the studies that Poornappriya
and Gopinath (2020) reviewed are also included in this literature review as they met the
inclusion criteria for this review (see Table 1 below). Additionally, the level of integration
or depth of intensity of the Al technology also varies. The literature reviewed in this
study showed multiple Al applications and levels of integration identified by Puentedura’s
(2006) SAMR Model.

4 Technology Integration Model for Learning Disabili-
ties

Technology cannot improve learning by itself—it is the users and the ways of using tech-
nology that make a change for learners. If used purposefully and meaningfully, tech-
nology can support students with and without disabilities to achieve greater academic
achievement in the classroom. However, if technology is not integrated or incorporated
correctly into a lesson or the classroom, it does not enhance or support learning (Zhai,
2021). Therefore, uncovering how Al technologies are integrated into specific learning
activities to support SWLDs is critical. Puentedura (2006) proposed the SAMR (i.e.,
substitute, augment, modify, and redefine) model as a powerful tool for understanding
technology integration in learning. The SAMR model was initially laid out to look at
the transformative nature of online learning and has since been found powerful in ana-
lyzing technology integration with other technologies, such as mobile learning (Zhai et
al., 2019). With its clear definitions of technology integration, the SAMR model can be
used to identify how much technology can transform and enhance learning rather than
just repeating a teacher’s action (Terada, 2020).



The model assumes that a higher level of technology integration leads to increased
student achievements. With the SAMR model, Puentedura (2006) divides technology in-
tegration into four successive levels: substitution, augmentation, modification, and redef-
inition. With substitution, technology is a direct substitute for a learning practice without
any functional improvement, while with augmentation, technology is a direct substitute
for a learning practice with functional improvement. Modification is when technology
provides a significant redesign for a learning practice. Redefinition is the highest level of
integration, and this is when technology allows for the creation of new learning tasks that
were impossible in a traditional setting without the technology. The modification and re-
definition levels are where one sees learning being transformed with technology; at these
levels, technology is not just replacing a traditional learning task but also allowing for a
novel and more integrated use of technology in the classroom.

The SAMR Model was adapted as the framework for this study to understand
how technology, specifically Al technology, was integrated with learning activities in
supporting and enhancing the learning of SWLDs. Specifically, we adapted the SAMR
model by incorporating the uses of Al technologies with the learning activities of SWLDs
(SAMR-LD). Unlike the SAMR model, the SAMR-LD model looks explicitly at how
technology is integrated to transform learning for SWLD. A technology integrated for
learning can vary between students with and without learning disabilities, and SAMR-
LD is used specifically for the latter. We used the same level names of SAMR for the
new model, but the connotations of levels have changed. These levels allowed us to
categorize the different Al technologies based on how the content and learning activities
were changed or enhanced to support SWLDs:

The substitution level of integration for Al could involve Al being used in place of
an existing learning practice without providing any functional improvement in support of
SWLDs. For example, this may involve using facial expression data of SWLDs to provide
teachers with surface-level information such as engagement (Abdul Hamid et al., 2018b).

The augmentation level of integration could involve Al being used as a substitute,
but at this level, there would be some functional improvement in how SWLDs are sup-
ported. For example, Al can allow SWLDs to change the format of the text, such as having
it chunked or read aloud (Rajapakse et al., 2018). While this example may seem like a
substitution, it is important to note the needs of SWLDs; for students without learning
disabilities, having the text read aloud may be simply substitution, but for SWLDs who
may struggle with reading decoding or comprehension, having the text read aloud would
be augmentation as it provides additional functions that are especially useful for SWLDs’
learning. The substitution and augmentation levels of the SAMR model are considered an
enhancement of learning (Terada, 2020).

Modification, regarding Al, would involve using Al to redesign a learning activity
with significant functional improvement in supporting SWLDs. For instance, Al can be
used to understand the type of disability a SWLD has and then recommend personalized
learning strategies (Sharif & Elmedany, 2022). This could involve the Al technology
providing a report of strategies that the teacher or student could utilize to support learning.
This would be a significant improvement to a learning activity as without this technology;
the student would need intensive support and time from a teacher to understand their



disability and then to identify personalized learning strategies.

Lastly, redefinition, which is the highest level of integration, would involve using
Al to not only redesign a learning activity but to redesign it in a way that would not be
possible in a traditional learning environment to support SWLDs. An example of Al at
the redefinition level involves using Al to identify a SWLD’s personalized learning style
and adapt the material accordingly as an output to the SWLD (Zingoni et al., 2021). Al
at both the modification and redefinition levels identifies the personalized learning style
and sometimes even the disability of the user, but the difference between the two lev-
els is that Al that falls at the modification level provides strategies that the user or the
teacher will need to implement, whereas Al at the redefinition level adapts the material
accordingly and provides the user with content and activities that have been adapted to
match their needs. For example, modification may involve suggesting the use of visuals
to support student learning whereas redefinition would adapt the content material to in-
clude the visual support. Modification and redefinition are considered transformations of
learning (Terada, 2020). As one moves through the levels of integration on the SAMR
and the modified SAMR-LD model, the technology becomes increasingly integrated with
the learning process in a transformative way, with the highest level being a total transfor-
mation of learning in a manner that would not be possible without technology.

5 Methods

We employed a three-stage procedure to conduct this systematic literature review: a)
identifying literature based on the title and abstract, b) reading the selected literature
thoroughly, and c) analyzing the literature using the defined coding scheme.

5.1 Literature collection

To identify the qualified literature, we first collected the relevant literature from three
databases, Web of Science, ProQuest, and Google Scholar. The search terms used for the
study were: ("artificial intelligence" OR "AI" OR "machine learning" OR "deep learn-
ing") AND ("learning disabilit*" OR "learning disorder" OR "learning difficult*" OR
"dyslexia" OR "dyscalculia" OR "dysgraphia"). Our preliminary review suggests that
Al was rarely involved in supporting SWLDs until the last ten years, so we limited the
search to the last fifteen years and slightly extended the period to ensure all substantial
studies were included in the review. The search was completed in June 2022. Web of
Science and ProQuest returned nl = 375 and n2= 6246 articles, respectively. Given the
relatively large grain size of the search criteria and the significant overlapping between
Google Scholar and the other two datasets, we only included the first n3 = 100 results
from Google Scholar, sorted by relevance. Therefore, 6,721 articles, including the titles
and abstracts, were included in the first round of screening.



5.2 Identify qualified literature

To answer our research questions, we developed a set of seven inclusion and exclusion
criteria to narrow the scope further and identify targeted research (see Table 1). We only
reviewed journal articles and conference proceedings to ensure the most substantial work
in the field was being reviewed. This review only looked at articles being published
in English for accessibility to the authors, as well as the technology being used in the
study should incorporate Al. The studies were also limited to those focused on supporting
students with learning disabilities rather than other disabilities. The inclusion criteria also
required that the reading, writing, or math content being supported for students in the
study be in English, as the issues SWLDs face in these areas can change considerably
from one language to another (Zingoni et al., 2021). Compared to many other languages,
English has an orthography with many more inconsistencies and complexities, leading to
a much slower learning rate (Seymour et al., 2003).

Table 21.1. Inclusion and Exclusion Criteria

Inclusion Criteria Exclusion Criteria

The source is something other than a
journal article or conference proceed-
ing. The source is a review study.

The source is a journal article or confer-
ence proceeding.

Published in English

The study involves artificial intelli-
gence.

The study targets students with learn-
ing disabilities, which includes dyslexia,
dyscalculia, and dysgraphia.

Content being looked at is reading, writ-
ing, or math in the English language.

The study is related or conducted to the
field of education or oriented towards
supporting students’ education.

The study provides information on sup-
porting, instructing, or assessing stu-
dents with learning disabilities.

Not in the English language

The study does not involve artificial in-
telligence.

The study is targeting students without
disabilities or with other disabilities.

Content being looked at is reading, writ-
ing, or math in a language other than En-
glish.

The study is related to the field of
medicine, taking place in a clinical or
medical setting, or requiring medical
equipment or personnel.

The study is focused solely on screen-
ing, diagnosing, identifying, predicting,
or classifying a learning disability.

Further, words in the English language are spelled according to phonemes, or
sounds, and morphemes, or meaningful roots, whereas some languages, such as Span-
ish and Finnish, only use phonemes (Moats, 2006). Thus, limiting studies in which the
content being supported was in English allowed for more accurate comparisons among
studies because the signs and symptoms of a learning disability depend on the language
being used, so it is crucial to take language-based classification into account (Poornap-
priya and Gopinath 2020). We also excluded literature related to the field of medicine,



took place in a medical or clinical setting, or required medical equipment or personnel
because this study aimed to find research that could be used by teachers or students with
learning disabilities in a classroom setting. And lastly, any literature that focused solely on
screening, diagnosing, or predicting a learning disability was excluded for two reasons,
1) a review has been conducted looking at how artificial intelligence is used to screen
for or diagnose learning disabilities (Poornappriya & Gopinath, 2020) and 2) the goal of
this study was to support learning and teaching for students that are already diagnosed
with learning disabilities, so identifying or diagnosing a student’s disability would not be
helpful.

Based on the inclusion and exclusion criteria mentioned above, the lead author
screened the titles and abstracts of the 6721 sources, which resulted in an initial amount
of 45 sources. These 45 studies were then read in-depth, leading to 16 studies that met
this literature review’s inclusion and exclusion criteria. Figure 1 summarizes the search
procedure.

Web of Science ProQuest Google Scholar

*Reviewed first 100
results, sorted by
Database relevance

Search

After Screening Title
and Abstract Search Terms: (“artificial intelligence” OR “Al”
(with duplicates removed) OR “machine learning” OR "deep learning”) AND

(“learning disabilit*” OR “learning disorder” OR
“learning difficult*” OR “dyslexia” OR
“dyscalculia” OR "dysgraphia”)

After Reading
Full Paper

Figure 21.1. Literature search procedures

5.3 Analysis of the Literature

Both inductive and deductive approaches were used to analyze the literature in this re-
view to answer the two research questions. For the first research question, an inductive
approach was used to determine what Al applications have been developed in the last 15
years to support SWLDs. The codes were determined by the two authors collaboratively,
who have expertise in special education and Al and portrayed the Al applications or the
uses of Al. The codes were derived based on the literature reviewed for seven different
codes. These Al applications, or codes, can be seen in Table 2 below, including adap-
tive learning, communication assistant, chat robot, mastery learning, facial expression,
interactive robot, and intelligent tutor. Given that different papers may name the same Al
applications differently, the authors derived the Al application names. These Al applica-
tions may not have been referred to specifically as such in every relevant article reviewed
but were based on how the Al technology was described.



A deductive approach was employed to answer the second research question,
which focused on integrating these Al technologies, and codes were assigned using the
adapted SAMR Model of Technology Integration (Puentedura, 2006). Each study was
assigned a level of integration from the SAMR model based on the description of the Al
technology used. The codes were assigned by both authors collaboratively. Examples of
literature coded for each of the different levels of Al integration can also be seen in Table
2 below. As the examples of literature coded for the four different levels of Al integra-
tion will demonstrate, the reliance and need for Al technology for the teaching practice
increases as one moves up the four levels, thus a practice at the substitution level of in-
tegration does not need the Al technology and can be done by a classroom teacher with
ease. In contrast, a practice at the redefinition level of integration relies on Al technology
and is almost impossible without it.

6 Results

Ten out of the 16 studies that met the inclusion and exclusion criteria for this review were
focused specifically on dyslexia, a learning disability that involves difficulty with reading,
such as decoding or comprehension. Only one of the studies was focused specifically on
dyscalculia, a learning disability in math. Moreover, the remaining five studies were
focused on learning disabilities in general. The majority, 50%, of the studies reviewed
were focused on school-age children, with the remaining focused on individuals above
18, such as university students, or did not provide the age segment. The studies ranged
geographically from the United States, Malaysia, Pakistan, Italy, China, Greece, India,
Morocco, Slovenia, Saudi Arabia, South Africa, Sri Lanka, the United Kingdom, and
Switzerland. Appendix Table A1 below provides a summary of all the literature reviewed.

6.1 Al technologies for students with disabilities

Seven types of Al applications were identified from the literature: adaptive learning, facial
expression, chat robot, communication assistant, mastery learning, intelligent tutor, and
interactive robot. This section introduces the seven types of applications.

Adaptive learning. SWLDs’ learning needs are more diverse than those of stu-
dents without learning disabilities, which creates additional challenges in supporting them
in learning. The best instructional strategy to meet this challenge is to provide customized
learning support or adapt the learning materials according to their needs. Five of the 16
studies in this review included an adaptive learning type of Al technology targeting a di-
verse range of ages (from under the age of 5 to adulthood) and disabilities (e.g., dyslexia,
dysgraphia, etc.). Researchers have developed adaptive learning strategies using Al to
supply learning support based on individual SWLD’s learning needs in the form of intel-
ligent, serious learning games (Flogie et al., 2020), Intelligent tutoring systems (Kaser et
al., 2013), or e-learning management system (Yaqoub & Hamed, 2019). In an example
study, Zingoni et al. (2021) developed a BESPECIAL software platform, which is based
on Al capable of understanding the issues experienced by a dyslexic student and provides
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ad hoc digital support methodologies and adapted study materials. BESPECIAL uses stu-
dents’ clinical reports of dyslexia, survey results, and psychometric test results as inputs
to train Al algorithms. Using the trained Al algorithms, the system can predict SWLDs’
individual needs (e.g., concentration when alone, memory impairments) and provide sup-
porting and adaptive strategies (e.g., concept maps, schemes, highlighted keywords) to
meet individual students’ needs. It also provides their teachers with strategies and best
practices specific to that student.

Facial expression. Engaging students in the classroom is an essential first step in
supporting their learning, including the learning of SWLDs. Facial expression is one-way
researchers have predicted student engagement with the content. Three of the 16 studies
used Al technologies for facial expression, and all three used facial expression data to
predict student engagement with the content. In these studies, where students ranged in
age between 7 to 12, researchers analyzed facial expressions through Al technologies
such as the bag of features (BOF) (Abdul Hamid et al., 2018b), speed-up robust features
(SURF) and support vector machines (Abdul Hamid et al., 2018a), and convolutional
neural networks (CNN) (Ouherrou et al., 2019). All the studies using computer vision for
facial expression looked at frontal face detection to predict the engagement of SWLDs
towards the content, while the latter employed deep learning to identify subtle changes in
students’ faces. These applications with facial expressions provide useful information for
teachers in ensuring if SWLDs are engaged in the lesson and determining which activities
increase student engagement compared to others.

Chat robot. As chat robots are increasingly used in digital platforms related to
students’ lives, many students worldwide have gotten familiar with the use of chat robots
or smart assistants through the advancement of technology. The Al technology of chat
robots has been utilized by large companies to provide customer support and to trou-
bleshoot their products, which inspired the application in education. Specifically, two
studies in this review used the chat robot to support SWLDs. One used a smart assistant,
Sammy, who interacted with students via chat to provide accessibility and resources or
feedback based on student needs (S. Gupta & Chen, 2022). Another study used a mo-
bile application called ALEXZA to support individuals with dyslexia by reading aloud,
chunking, highlighting, and manipulating the text in other ways (Rajapakse et al., 2018).
This smart assistant on the app could also answer user questions directly. Both studies
utilized a chat assistant with Al technology to provide accessibility support to students
with reading-based learning disabilities.

Communication assistant. SWLDs have difficulty communicating due to their
struggles with being unable to express themselves in a verbal or written manner due to
a lack of confidence stemming from their language-based disabilities. Communication
assistants can be a helpful tool in supporting SWLDs in communicating with their peers
and adults. Two of the 16 studies in this review used Al technology as a communication
assistant to support students, specifically with dyslexia. Wang et al. (2021) added Al to
an Augmentative and Alternative Communication (AAC) device to increase the ease of
verbal communication for students (Wang et al., 2021). Another study used Neural Ma-
chine Translation (NMT) to develop a tool called Additional Writing Help (AWH) which
"translated" text with common dyslexia writing issues to text without it while preserving
the slang abbreviations, hashtags, mentions, and other elements that are common among
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social media platforms (Wu et al., 2019).

Mastery learning. Al technology focused on mastery learning uses machine learn-
ing to understand the user’s progress and support the user in achieving mastery through
relearning and frequent evaluation. Two of the 16 studies utilized mastery learning to
support students with dyslexia. Latif et al. (2015) used machine learning to implement
the relearning process for writing and allowed learners to practice similar skills until they
reached mastery before moving on to the next learning segment. Similarly, Ndombo et
al. (2013) proposed using machine learning in their model called the Intelligent Assis-
tive Dyslexia System (IADS). IADS was proposed to support reading and writing skills
among students with dyslexia by evaluating their learning throughout the process. Ma-
chine learning is a way to improve targeted skills among SWLD through the repetition or
the relearning process supported by continuous evaluation.

Intelligent tutor. An intelligent tutor technology uses dynamic machine learning
models to identify an individual’s learning difficulties and their level and recommend a
personalized learning strategy. Only one of the 16 studies utilized this technology, and
that study (Sharif and Elmedany, 2022) is centered around a proposed approach that is
not yet fully studied. Sharif and Elmedany (2022) proposed utilizing machine learning
to identify patterns in the learner’s reading, writing, typing, and other areas to provide
feedback on their progress and specific strategies to support the students. While the study
is still in the proposal stage and the strategies to be provided by the technology are still in
development, the study is promising in supporting educators and providing individualized
support for SWLDs.

Interactive robot. The interactive robot also utilizes a machine learning-based
methodology that allows a social robot to interact with students physically. Only one out
of the 16 studies utilized an interactive robot as an Al technology to support SWLDs, and
this study focused specifically on understanding student engagement using the interactive
robot (Papakostas et al., 2021). Unlike the chat robot, the social robot interacted with
SWLDs and utilized multimodal machine learning to predict the engagement of SWLDs
in the classroom (Papakostas et al., 2021).

6.2 Al technology integration for students with disabilities

Based on Puentedura’s (2006) SAMR model, our analysis suggests that Al applications
have been used to enhance and transform learning for SWLDs. In this review, four stud-
ies were found to be at the substitution level, six at the augmentation level, two at the
modification level, and four at the redefinition level. The model suggests that a higher
level of technology integration leads to increased student achievements (see Zhai et al.,
2019); thus, it is expected that a higher level of Al integration would be beneficial for
student achievement. This section looks at each of the levels of integration and the stud-
ies that were categorized into those levels. Table 3 below summarizes the four levels of
integration and provides an example.
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Of the four studies at the substitution level, Al was used to substitute or replace
an existing learning activity with human assistance using Al technologies such as facial
expressions or an interactive robot to predict student engagement (Abdul Hamid et al.,
2018a, 2018b; Oubherrour et al., 2019; Papakostas et al., 2021). Though this informa-
tion is vital for teachers in keeping SWLDs engaged in the lesson, they provide limited
functional improvement to the traditional learning activities. For example, Papakostas et
al. (2021) engaged ten elementary SWLDs in learning activities using a social chat robot
NAO. They developed ten scenarios (e.g., Meet/greet, story listening and telling, and sen-
tence structuring) to engage SWLDs to experience the relevant activities in each scenario.
The scenarios include eight types of activities: a) Meet/greet; b) Text decoding, com-
prehension, and reading; c¢) Phonology composition, decomposition, discrimination, and
addition; d) Memory; e) Robot-child relaxation game; f) Story listening and telling; g)
Sentence structuring; h) Strategic visual representation. Students spent an average of 35
minutes for each scenario. Researchers collected students’ multimodal data (e.g., visual
sensing, audio sensing, and feature extraction) and examined the 10 SWLDs’ engagement
levels during learning. Figure 2 below summarizes the methodology the researchers in this
study used. The researchers could predict student engagement with 93% accuracy but also
found that the study brought to light the variability in definitions for engagement. This
study used Al to collect data on and predict student engagement. While this is valuable in-
formation for teachers supporting SWLDs, it did not provide any functional improvement
specifically for SWLDs nor for the teachers supporting them, such as providing specific
ways to increase engagement for SWLD. Therefore, according to the SAMR-LD model,
this level of Al application is at the substitution level.

—
Pose
4 estimation

.
Eye contact
detection

Engaged?

Feature
extraction

Image ML model

Facial
N landmark H /
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N Speech
processing

Figure 21.2. Diagram of Methodology with inputs outlined in blue and outputs
outlined in green. Modified from “Estimating children engagement interacting
with robots in special education using machine learning,” by Papakostas et al.,
2021, Mathematical Problems in Engineering, Copyright 2021 by George A. Pa-
pakostas et al.

Augmentation, on the other hand, involves the substitution of an existing learning
activities with human assistance but with functional improvement. Six studies in this re-
view were categorized to be at the augmentation level, and the studies involved the use
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of Al to enhance the support an individual with a learning disability would receive from
a teacher or another adult. Rajapakse et al. (2018) found that despite many applications
existing to support individuals with dyslexia, those applications focused on identifying
dyslexia and provided long-term solutions rather than more immediate day-to-day sup-
port that those individuals needed. Thus, they developed an application, ALEXZA, that
utilizes Al to adapt the learning content to the learning preferences of the individual with
dyslexia using the application. ALEXZA utilized an image pre-processing algorithm to
enhance the quality of the text and images that the camera captured; the user was then
able to manipulate and enhance the text using different features. These features included
a) chunking or segmenting the captured text, b) changing the text format (e.g., color, font,
etc.), c) text-to-speech, d) text highlighting, e) dictionary integration, f) word replacement
using machine learning, and g) a Smart Al Assistant. Figure 3 below provides screenshots
of the prototype application and shows how scanned text can be manipulated through the
application. While the manipulation of a text, such as changing the text format or hav-
ing it read aloud, may seem to be simply a substitution for printed text, when it comes
to students with learning disabilities, specifically a language-based one such as dyslexia,
these features support the learning of SWLDs (i.e., fall within the augmentation level of
the SAMR-LD model). For a student with a reading learning disability, the features of the
ALEXZA application allow them to access the previously challenging content.

Another example of Al technology at the augmentation level of the SAMR-LD
is the Additional Writing Help (AWH), a writing assistant for individuals with dyslexia
which proofreads text prior to posting on social media and focuses on word errors that are
commonly made by individuals with dyslexia while preserving slang, abbreviations, and
other content features commonly used in social media (Wu et al., 2019). AWH "translates"
text with common writing issues that individuals with dyslexia make to writing without
those mistakes. This is another example of a tool that supports SWLDs in a manner that
goes beyond the typical support a classroom teacher could provide. While a teacher can
support students with dyslexia in replacing word errors, the writing assistant increases the
number of individuals that can be supported and the speed and depth of the support, thus
bringing a functional improvement to a teacher’s practice.

Modification is the third level of Al integration, and this level involves using Al
to redesign a learning activity with human assistance with significant functional improve-
ment. Only two studies included in this review were categorized on this level. Sharif and
Elmedany (2022) proposed a model that would use a dynamic machine learning model
to identify the learning difficulties of the individual and then recommend a personalized
learning strategy based on the data collected and predictions. Figure 4 below shows their
proposed model. The proposed approach utilizes quantitative data, such as Electroen-
cephalogram (EEG) data, and qualitative data, such as behavioral data from psycholo-
gists’ interactions with the user.

Furthermore, the process of identifying learning difficulties and suggesting per-
sonalized strategies continues weekly or monthly based on the severity of the individual
needs. Sharif and Elmedany’s (2022) proposed model is an example of the modification
level, as it involves using Al to redesign a teaching practice with significant functional
improvement. A key feature of their proposed model is the output of individualized, per-
sonalized strategies for the user’s needs; this is a difficult task for classroom teachers.
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Figure 21.3. ALEXZA Application Prototype with inputs outlined in blue and out-
puts outlined in green. Modified from ALEXZA: A mobile application for dyslexics
utilizing artificial intelligence and machine learning Concepts, Rajapakse et al.
(2018), 2018 3rd International Conference on Information Technology Research
(ICITR).

While teachers can identify individualized strategies for each student, it is a timely pro-
cess and requires teachers to not only collect multiple forms of data but also have a wide
array of strategies to support students.

The final level and highest level of Al integration is redefinition which involves
redesigning a learning activity with human assistance to such an extent that it would not
be possible in the absence of that Al technology. Four of the studies included in this
review were identified as being at the redefinition level of integration. An example of
Al technology at the redefinition level was presented by Zingoni et al. (2021) with their
software platform BESPECIAL. For each user, the BESPECIAL software utilizes clinical
reports from experts and self-evaluation questionnaires from the users about the problems
they face while studying and helpful solutions. The results from these assessments drive
identifying the tools and strategies that would be most helpful for the user. Up to this
stage of the software, this Al technology would be considered at the modification level of
integration as it identifies the user’s learning needs and matches the tools and strategies
to those needs. The component of the software that takes it from the modification to the
redefinition level of integration is the digitization of the content. The BESPECIAL soft-
ware identifies the needs and individualized strategies and adapts the material according
to the individual’s needs and preferred learning style. Additionally, the gathered infor-
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Figure 21.4. Proposed Model to Support SWLD with inputs outlined in blue and
outputs outlined in green. Modified from: A proposed machine learning based
approach to support students with learning difficulties in the post-pandemic
norm, Sharif & Elmedany (2022), 2022 IEEE Global Engineering Education Con-
ference (EDUCON)

mation is also passed onto the teachers of the users to enable the teachers to support the
students better. Figure 5 below shows a diagram of the process that depicts multiple input
sources to gather information and then an output that is teacher facing, the strategies, and
an output that is student facing , the digitized supporting materials.This software falls in
the highest level of integration as the Al technology is used to redesign learning in a way
that would not be possible in a traditional human-assisted learning environment.

7 Conclusion and Discussion

In this review, we found that various Al applications are applied in supporting learning
for SWLDs, and the ways the technologies are integrated to support their learning are also
diverse. With the focus of this review study being specifically to identify research on how
Al can be used to support the learning process of SWLDs, rather than the diagnosis or
identification of a learning disability, the findings of this study have revealed the potential
of Al in supporting the learning of SWLDs. However, the small number of empirical
studies in this area also implies significant research gaps and the need for more research on

17



Supporting Best

strategies  practice '_‘
.. = QO Supporting
E@ e 08 tools
o
> = ...to teacher and ...to students
= institutions

Interviews Digital

to h i
dyslexic students SUSNEONEENS Al N/
L
assessment |~ .. — ~| Digitalizatic
”-ZE | i module ’\
’_ — %
Dyslexia

clinical reports

Study material

Figure 21.5. Figure 5 BESPECIAL Diagram with inputs outlined in blue and
outputs outlined in green. Modified from “Investigating issues and needs of
dyslexic students at university: proof of concept of an artificial intelligence and
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how Al can support SWLDs beyond just identifying and diagnosing a learning disability.
More design and development research is needed to leverage Al to support SWLDs in
their learning, and more empirical evidence is needed to advance our knowledge about
the potential of Al for SWLDs. The findings of this review contribute to the literature in
several ways.

Firstly, the focus on Al applications for SWLDs, specifically dyslexia, provides a
valuable understanding of the current research in this field. The findings of this review
add valuable insight into the use of Al in supporting SWLDs. It revealed that 10 out of
the 16 studies focused specifically on dyslexia, with only one focused on dyscalculia, and
the remaining five studies were focused on learning disabilities in general. This highlights
the growing interest in using Al to support individuals with learning disabilities and the
need for more research in this area simultaneously.

The fact that many of the studies, 50%, focused on school-age children ranging
from 7 to 12 years highlights the importance of addressing the needs of this population
and the potential for Al to impact their learning experiences significantly. With the aim of
this study being to identify how Al has been used to support the learning of SWLDs, it is
promising to see that most of the studies were focused on school-age children. However,
it is also noted that some studies included individuals above 18 or did not specify the
age segment, indicating the need for a broader range of age groups to be studied to fully
understand the potential impact of Al on the learning of individuals with SWLDs.

The identification of seven types of Al applications that have been used to support
students with SWLDs, including adaptive learning, facial expression, chat robot, com-
munication assistant, mastery learning, intelligent tutor, and interactive robot, provides
a comprehensive overview of the Al technologies being used in this field. The adaptive
learning type of Al technology was the most widely used, with five out of the 16 studies
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Table 21.3. Technology Integration Levels of Al Applications in Supporting Stu-
dents with Learning Disabilities

Integration Level No. Description Example
Substitution 4 Technology is substituted for an ex- The AI technology provides the
isting learning activity without any teacher with surface-level informa-
functional improvement compared tion about SWLDs, such as engage-
to human assistance for SWLDs. ment. (Papakostas et al., 2021)
Augmentation 6 Technology is used to support The Al technology acts as a writ-
learning activities with functional ing assistant for individuals with
improvement compared to human dyslexia, helping replace word er-
assistance for SWLDs. rors commonly made by individu-
als with dyslexia while preserving
slang, abbreviations, and other con-
tent features commonly used in so-
cial media. (Wu et al., 2019)
Modification 2 Technology is used to redesign The Al technology generates new
learning activities with significant levels of practice for SWLDs
functional improvement compared through adaptive tests that under-
to human assistance for SWLDs. stand their needs and support mas-
tery through practice. (R. Gupta,
2019)
Redefinition 4 This is the highest level of inte- The AI technology identifies the

gration. Technology is used to re-
design a learning activity that is
impossible in a traditional human-
assisted learning environment for

user’s dyslexia type, detects the pre-
ferred learning style associated with
that type of dyslexia, and adapts the
material or content presented in ac-

SWLDs. cordance with the user’s learning

style. (Yaquob & Hamed, 2019)

including it as a part of their research. This highlights the potential for Al to provide per-
sonalized learning experiences for SWLDs, which is critical for their academic success.

The variety of countries represented in the studies, such as the United States,
Malaysia, Pakistan, Italy, China, Greece, India, Morocco, Slovenia, Saudi Arabia, South
Africa, Sri Lanka, United Kingdom, and Switzerland, suggests a growing interest in the
use of Al to support individuals with learning disabilities. Additionally, identifying the
different types of Al applications used to support SWLDs highlights the diverse ways Al
is being used to support this population.

Furthermore, using the SAMR-LD, an adapted version of Puentedura’s (2006)
SAMR model, to analyze how Al was integrated into the learning activities for SWLDs
provides a framework for understanding the various levels of technology integration and
the impact on student achievement. The analysis revealed that Al applications were used
in various ways to support the learning of SWLDs, with studies categorized at the substi-
tution level, six at the augmentation level, two at the modification level, and four at the
redefinition level. This finding highlights the potential for Al to enhance and transform
the learning experiences of individuals with SWLDs and suggests that a higher level of
Al integration may lead to increased student achievements.

Overall, this review adds significant insight into the use of Al in supporting the
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reading, writing, and math education of SWLDs and highlights the need for further re-
search in this area. The diversity of countries represented and the range of Al applications
used demonstrates a growing interest in using Al technology to support this population.
The analysis using the adapted SAMR-LD model provides a framework for understand-
ing the impact of Al on student achievement in reading, writing, and math. Future re-
search should further investigate the usability, feasibility, and efficiency of the Al tools
for SWLDs. A synthesis of the knowledge in these regards will help us better understand
how to take advantage of Al in supporting SWLDs.
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