MAN

PUBLISHING INSTITUTE

Journal Website

Article history:

Received 14 February 2026
Revised 02 June 2026
Accepted 10 June 2026

Initial Publish 21 June 2026
Published online 01 July 2026

Journal of Assessment and Research in

Applied Counseling

Volume 8, Issve 3, pp 1-17

E-ISSN: 3041-8518

Artificial Intelligence-Based Assessment and Intervention for
Specific Learning Disabilities: A Systematic Review

Azizreza. Ghasemzadeh! 2*

1 Social Counselor, Armada medical centre, Dubai, UAE
2 Department of Psychology and Counseling, KMAN Research Institute, Richmond Hill, Ontario, Canada

* Corresponding author email address: aghasemzadeh@irimed.org

Article Info

ABSTRACT

Article type:
Original Research

How to cite this article:

Ghasemzadeh, A. (2026). Atrtificial
Intelligence-Based Assessment and
Intervention  for  Specific  Learning

Disabilities: A Systematic Review. Journal
of Assessment and Research in Applied
Counseling, 8(3), 1-17.

http://dx.doi.org/10.61838/kman.jarac.5689

Lloonoien

© 2026 the authors. Published by KMAN
Publication Inc. (KMANPUB), Ontario,
Canada. This is an open access article under
the terms of the Creative Commons
Attribution-NonCommercial 4.0
International (CC BY-NC 4.0) License.

Objective: This study aimed to systematically review the existing evidence on
the application of artificial intelligence-based methods in the assessment,
screening, prediction, diagnosis, intervention, and progress monitoring of specific
learning disabilities.

Methods and Materials: This systematic review was conducted according to
PRISMA-based principles. Scientific databases including Scopus, Web of
Science, PubMed/MEDLINE, ERIC, PsycINFO, IEEE Xplore, and ScienceDirect
were searched for studies published between January 2014 and May 2026. The
search combined terms related to artificial intelligence, machine learning, deep
learning, expert systems, adaptive learning, intelligent tutoring, dyslexia,
dyscalculia, dysgraphia, and specific learning disabilities. From 1,286 initially
identified records, 362 duplicates were removed, 924 titles and abstracts were
screened, and 153 full-text articles were assessed for eligibility. Finally, 42 studies
met the inclusion criteria and were analyzed through descriptive and narrative
synthesis.

Findings: Inferential synthesis of the included studies indicated that artificial
intelligence-based models showed the strongest evidence in assessment-related
functions, particularly early screening, diagnostic classification, and academic-
risk prediction. Classification and prediction models generally demonstrated
acceptable to high performance, especially when multidimensional cognitive,
linguistic, academic, behavioral, handwriting, or digital-learning data were used.
Evidence was strongest for dyslexia and reading disorder, while dyscalculia and
dysgraphia were less frequently investigated but showed promising results,
particularly in handwriting analysis and mathematics-risk detection. Intervention-
related findings indicated that Al-based adaptive learning systems, intelligent
tutoring platforms, mobile applications, serious games, and personalized feedback
tools were associated with improvement in short-term academic outcomes,
especially reading accuracy, decoding, mathematical performance, writing
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accuracy, engagement, and progress monitoring. However, evidence for long-term
intervention effectiveness, transfer, and sustained educational outcomes remained
limited.

Conclusion: Artificial intelligence has considerable potential to support the early
identification, individualized assessment, adaptive intervention, and continuous
monitoring of learners with specific learning disabilities. Nevertheless, current
evidence is stronger for screening and classification than for intervention
effectiveness. Future studies should prioritize external validation, longitudinal

designs, explainability, ethical implementation, cultural adaptation, and
integration with professional educational and clinical judgment.

Keywords: Artificial intelligence; specific learning disabilities; dyslexia; dyscalculia;
dysgraphia; machine learning; adaptive intervention; systematic review.

1. Introduction

pecific learning disabilities constitute a major area of

concern in educational psychology, neurodevelopmental
research, child mental health, and inclusive education
because they affect the acquisition and use of foundational
academic skills despite the presence of adequate learning
opportunities, conventional instruction, and generally
preserved intellectual potential. These conditions are most
commonly expressed through persistent impairments in
reading, written expression, spelling, handwriting,
mathematical reasoning, numerical processing, or broader
academic performance, and they frequently emerge during
the early years of schooling when formal literacy and
numeracy demands increase. Specific learning disabilities
are not merely academic difficulties; rather, they are
complex developmental conditions that may interact with
cognitive processing, executive functioning, memory,
language, attention, emotional adjustment, classroom
participation, and long-term educational trajectories.
Contemporary scholarship increasingly emphasizes that
these disabilities should be understood through an integrated
framework that connects neuroscience, educational practice,
psychosocial support, and technology-based innovation,
because conventional assessment and intervention systems
often fail to provide timely, individualized, and scalable
responses to learners’ needs (Asdaq et al., 2025; Mohamed
et al., 2026). The importance of this issue becomes even
more evident in low-resource or crisis-affected contexts,
where children with learning disabilities may experience
psychosocial  vulnerability,  educational  exclusion,
stigmatization, and reduced access to specialized services, as
demonstrated in research on children in South Sudanese
refugee-camp settings (Achiek & Selugo, 2024). Therefore,
the assessment and intervention of specific learning
disabilities represent not only a clinical or educational
challenge but also a broader matter of equity, participation,
and child development.

The conceptualization of specific learning disabilities has
expanded considerably in recent years. Earlier approaches
often focused primarily on observable academic
underachievement,  whereas  contemporary  models
emphasize multiple interacting mechanisms, including
phonological processing, working memory, attentional
control, language development, visuospatial processing,
rhythm perception, motor coordination, and neural
organization. For example, dyscalculia has been associated
with working-memory limitations and atypical numerical or
spatial processing, indicating that mathematics-related
learning difficulties cannot be understood only as poor
arithmetic performance (Galitskaya & Drigas, 2021).
Similarly, evidence regarding rhythm perception deficits in
children with specific learning disabilities suggests that
temporal processing and auditory-motor integration may
contribute to learning profiles, particularly in relation to
reading, language, and academic performance (Hande &
Hegde, 2021). Research on common neural substrates across
diverse neurodevelopmental disorders further supports the
view that learning disabilities overlap with broader
neurodevelopmental systems, rather than existing as isolated
academic problems (Sokolowski & Levine, 2022). At the
same time, genetic and biological investigations, including
studies of candidate-gene variation in families affected by
specific learning disorders, show that the etiology of these
conditions is multifactorial and may include inherited,
neurobiological, cognitive, and environmental influences
(Cali et al., 2023). These findings collectively indicate that
valid assessment requires multidimensional data and that
effective intervention must be responsive to the
heterogeneity of learners’ cognitive and academic profiles.

Among specific learning disabilities, dyslexia has
received the greatest research attention, particularly because
reading is central to academic success across school subjects
and because reading difficulties are often detectable through
measurable patterns in phonological awareness, decoding,
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fluency, spelling, eye movement, response time, and written
language. Bibliometric evidence on early predictors of
language-based learning disabilities indicates the increasing
research interest in identifying reliable markers before
difficulties become entrenched and lead to cumulative
educational failure (Alabbad et al., 2023). Machine learning
research on dyslexia detection has further emphasized the
importance of feature selection, algorithm selection, and
evaluation metrics in developing accurate prediction
systems (Parvathy, 2023). Studies using checklist,
questionnaire, and online game-based datasets have shown
that dyslexia-related risk can be explored through different
forms of learner data, including self-report, teacher
observation, and performance within digital environments
(Santhiya & Kanimozhiselvi, 2023). Expert-system
approaches have also been applied to the early diagnosis of
dyslexia, including certainty-factor models designed to
translate symptom profiles into probabilistic diagnostic
support (Ashidigi et al., 2023). These developments
illustrate a significant shift from static paper-based
assessment toward computationally supported systems that
can process multiple indicators, support early screening, and
provide more systematic decision-making support for
educators and clinicians.

Although dyslexia remains the most extensively studied
learning disability in artificial intelligence research,
increasing attention has also been directed toward
dyscalculia and dysgraphia. Dyscalculia is particularly
important because difficulties in number sense, calculation,
arithmetic fluency, and mathematical reasoning can interfere
with academic progress, daily functioning, and later
vocational opportunities. Recent surveys of Al-enhanced
dyscalculia screening highlight the growing use of
computational methods for identifying mathematical
learning problems in children and for distinguishing
dyscalculia-related patterns from general low achievement
(Bhushan et al., 2024). Dysgraphia has likewise become an
important domain for Al-supported assessment because
handwriting, spelling, written expression, motor control, and
written-production fluency can generate rich behavioral and
digital traces. Automated systems for diagnosing dysgraphia
increasingly use handwriting features, document analysis,
online writing data, image-based processing, and machine
learning frameworks (Kunhoth et al., 2024). Convolutional
neural network methods have been proposed for dysgraphia
detection, demonstrating the potential of deep learning to
classify handwriting-related abnormalities from visual or
graphical data (Skunda et al., 2022). More recent multimodal

Journal of Assessment and Research in Applied Counselling 8:3(2026) 1-17

approaches for dysgraphia risk assessment, including work
with Sinhala-speaking children, show that language-
specific, script-specific, and culturally contextualized Al
models may be necessary because written expression and
handwriting are shaped by orthography, educational
practice, and linguistic structure (Weraduwa et al., 2025). In
addition, comprehensive scoping work on Al-driven
dysgraphia diagnosis using online and offline handwriting
data confirms that the field is moving toward integrated
systems capable of combining dynamic writing behavior
with static written outputs (Fallah, 2025).

Artificial intelligence has become increasingly relevant to
specific  learning  disabilities because it offers
methodological capacities that are difficult to achieve
through conventional assessment alone. Al-based systems
can process large datasets, identify complex nonlinear
patterns, classify learners according to risk or diagnostic
profiles, integrate heterogeneous sources of data, and
provide automated or semi-automated feedback. Weighted
ensemble learning models, for example, have been proposed
for the identification of specific learning disability,
suggesting that combining multiple classifiers may improve
diagnostic robustness and reduce the limitations associated
with single-model approaches (Alzahrani & Algahtani,
2024). Expert systems for diagnosing learning disorders in
children similarly demonstrate how rule-based and
knowledge-based computational approaches can support
clinical or educational decision-making when specialist
access is limited (Andrade-Arenas & Yactayo-Arias, 2024).
Earlier expert-system work on school-age children also
indicates that learning-disability classification can be
formalized through structured symptom and performance
indicators, allowing educational professionals to use
technology for preliminary categorization and referral
support (Fajariyanti et al., 2022). Such systems are not
intended to replace psychoeducational assessment, clinical
judgment, or individualized case formulation; however, they
may strengthen early identification, reduce delays in referral,
and support more consistent screening practices. The
promise of Al is particularly significant in settings where
specialized assessment is expensive, geographically
inaccessible, or dependent on limited professional resources.

In addition to assessment and diagnosis, artificial
intelligence and related digital technologies are increasingly
being explored as intervention tools for learners with
specific learning disabilities. Al-supported intervention
systems may include intelligent tutoring systems, adaptive
learning platforms, mobile applications, serious games,

JARAC

Assessment and Research in Applied Counseling

E-ISSN: 3041-8518


https://portal.issn.org/resource/ISSN/3041-8518

Ghasemzadeh

exergames, automated feedback tools, learning analytics
dashboards, and digital environments that adjust task
difficulty according to learner performance. Mobile
applications have been investigated as tools for treating
learning difficulties among students, with attention to their
accessibility, interactivity, and capacity to provide
individualized practice outside conventional classroom
settings (Alzubi, 2023). Systematic analysis of Al-
empowered educational tools developed in India for disabled
people further suggests that digital technologies may support
inclusion when they are designed around accessibility,
usability, and learner diversity (Gupta & Gupta, 2024).
Serious gaming and technology-based approaches have also
been examined in relation to neurodevelopmental disorders,
including their potential roles in screening, monitoring,
diagnosis, and treatment (Shaikh et al., 2024; Shaikh et al.,
2025). Exergames, meanwhile, have been considered for
their possible influence on executive functions and academic
performance in school-age children with specific learning
disorder, reflecting a broader understanding of intervention
that includes cognition, movement, motivation, and
engagement (Coacci et al., 2023). These approaches are
important because children with learning disabilities often
require repeated practice, immediate feedback, motivational
support, and adaptive learning sequences that are difficult to
deliver consistently in traditional classrooms.

The intervention literature also includes neurocognitive
and neurostimulation-based approaches that intersect with
technology-supported  learning-disability — management.
Neurofeedback has been reviewed in the education of
children with attention-deficit/hyperactivity disorder and
specific learning disorders, showing interest in interventions
that target self-regulation, attention, and neurocognitive
functioning rather than academic skills alone (Patil et al.,
2022). Transcranial electrical stimulation interventions have
also been reviewed in children and adolescents with specific
learning disabilities, indicating growing interest in
technology-assisted cognitive enhancement and the
modulation of learning-related neural systems (Azar et al.,
2024). Related work on transcranial direct current
stimulation in ADHD and co-occurring conditions
highlights the broader clinical interest in neuromodulation
for neurodevelopmental profiles that often overlap with
learning disabilities (Ali et al., 2023). Attention training has
also been systematically reviewed in specific learning
disorders, with transfer analysis emphasizing whether
cognitive training effects extend beyond trained tasks into
broader academic or functional outcomes (Nejati et al.,
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2026). These lines of research show that intervention for
specific learning disabilities is no longer limited to remedial
reading, writing, or mathematics instruction; instead, it
increasingly includes attention, executive functioning,
neurocognitive regulation, and technology-mediated skill
development. However, the integration of such approaches
into educational practice requires careful evaluation of
efficacy, safety, feasibility, and long-term transfer.

Despite the growing body of research, the field remains
characterized by fragmentation. Some studies focus on
algorithmic performance, such as classification accuracy or
predictive validity, while others focus on educational
outcomes, usability, neurocognitive effects, or psychosocial
consequences. Contextual studies have shown that learning
disabilities are shaped by national education systems,
available services, social awareness, and cultural
interpretations of disability. Work on children with learning
disabilities in Malaysia emphasizes the importance of local
educational and social contexts in understanding
identification and support needs (Dzulkifli, 2024). Case-
based research on dysgraphia in elementary school further
illustrates that individual learners may present with
distinctive developmental and classroom profiles that cannot
be fully captured by generalized models (Yuniari, 2024).
Studies of academic career factors among university
students with dyslexia demonstrate that learning disabilities
persist beyond childhood and may influence higher
education pathways, adaptation, and academic participation
(Benedetti et al., 2021). Research on benign epilepsy with
centro-temporal spikes and poor school academic
performance also indicates that academic difficulties may
interact with neurological conditions and broader
developmental factors, complicating assessment and
intervention planning (Vetri et al., 2023). Lived-experience
research has further emphasized the importance of aligning
research priorities with the needs, perspectives, and
preferences of people directly affected by specific learning
difficulties (Luciano et al., 2025). Therefore, Al-based
solutions must be evaluated not only in terms of technical
accuracy but also in terms of relevance, acceptability,
fairness, accessibility, and responsiveness to real
educational and clinical needs.

The rapid expansion of Al-based assessment and
intervention creates both opportunities and challenges for
the field of specific learning disabilities. On the one hand,
artificial intelligence may improve early screening, reduce
diagnostic delays, support individualized learning, enhance
progress monitoring, and help educators and clinicians make

JARAC

Assessment and Research in Applied Counseling

E-ISSN: 3041-8518


https://portal.issn.org/resource/ISSN/3041-8518

Ghasemzadeh

more data-informed decisions. On the other hand, Al
systems may reproduce bias if they are trained on narrow
samples, lack transparency if their decision processes are not
interpretable, and produce misleading conclusions if they are
used without professional oversight. Systematic reviews of
Al-based interventions for students with learning disabilities
indicate that the evidence base is promising but still
developing, particularly with regard to controlled designs,
long-term outcomes, and implementation in authentic
educational settings (Paglialunga & Melogno, 2025).
Broader reviews on artificial intelligence in
neurodevelopmental disorders also suggest that Al has
important potential for management and research, but that
ethical, methodological, and translational challenges remain
central to responsible application (Mohamed et al., 2026).
Consequently, a systematic synthesis is needed to clarify
what is currently known about Al-based assessment and
intervention for specific learning disabilities, which
learning-disability domains have received the most
attention, which Al methods have been used, what outcomes
have been reported, and what limitations restrict the
translation of research into practice. The aim of this study
was to systematically review the existing evidence on
artificial intelligence-based assessment and intervention for
specific learning disabilities.

2. Methods and Materials
2.1.  Study Design and Participants

This study was conducted as a systematic review of
empirical research on the application of artificial
intelligence-based assessment and intervention approaches
for specific learning disabilities. The review was designed
and reported in accordance with the principles of the
Preferred Reporting Items for Systematic Reviews and
Meta-Analyses framework. The population of interest
consisted of peer-reviewed studies that examined artificial
intelligence, machine learning, deep learning, natural
language processing, intelligent tutoring systems, adaptive
learning environments, computerized screening systems,
automated diagnostic models, or Al-supported intervention
programs in relation to specific learning disabilities,
including dyslexia, dyscalculia, dysgraphia, reading
disorder, mathematics disorder, written expression disorder,
and related academic learning difficulties. The search
covered studies published between January 2014 and May
2026 in order to capture contemporary developments in
educational technology, clinical assessment, and Al-
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supported learning systems. The initial database search
identified 1,286 records. After the removal of 362 duplicate
records, 924 titles and abstracts were screened. At this stage,
771 records were excluded because they were unrelated to
artificial intelligence, did not focus on specific learning
disabilities, were not empirical studies, or addressed general
academic achievement without a learning-disability
framework. A total of 153 full-text articles were assessed for
eligibility, of which 111 were excluded due to lack of direct
relevance to assessment or intervention, absence of Al-based
methodology, inadequate reporting of outcomes, review
design, conference abstract format without sufficient data, or
inclusion of non-specific educational problems rather than
specific learning disabilities. Finally, 42 studies met all
inclusion criteria and constituted the final sample of the
systematic review. Among these studies, 26 focused
primarily on Al-based assessment, screening, prediction, or
classification of specific learning disabilities, 9 examined
Al-based intervention or instructional support, and 7
addressed both assessment and intervention components
within the same study. Studies were included if they reported
original empirical data, used a clearly identifiable Al-based
method, focused on individuals with diagnosed or suspected
specific learning disabilities, and provided measurable
assessment, diagnostic, predictive, educational, or
therapeutic outcomes. Studies were excluded if they were
narrative reviews, systematic reviews, editorials, theoretical
papers, non-peer-reviewed reports, studies on general
academic performance without specific learning disability
indicators, or studies in which technology was used only as
a digital platform without an artificial intelligence
component.

2.2.  Instruments

Data were collected through a structured systematic
search strategy applied to major scientific databases,
including Scopus, Web of Science Core Collection,
PubMed/MEDLINE, ERIC, PsycINFO, IEEE Xplore, and
ScienceDirect. The search strategy combined terms related
to artificial intelligence with terms related to specific
learning disabilities and educational or clinical outcomes.
The search syntax included combinations of keywords such
as “artificial intelligence,” “machine learning,” “deep
learning,” “neural network,” “natural language processing,”
“intelligent  tutoring  system,”

“adaptive  learning,”

“automated assessment,” “learning analytics,” “dyslexia,”

EEINNT3

“dyscalculia,” “dysgraphia,” “specific learning disorder,”
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“specific

learning  disability,”

"

“reading  disorder,”
“mathematics disorder,” “written expression disorder,”
“screening,” “diagnosis,” “classification,” “prediction,”
“intervention,” and “remediation.” Boolean operators were
used to refine the search and ensure adequate sensitivity and
specificity. The reference lists of eligible articles were also
reviewed manually to identify additional studies that may
not have been retrieved through the database search. All
search results were exported to reference-management
software for duplicate removal and then screened
systematically according to predefined inclusion and
exclusion criteria.

A researcher-designed data extraction form was used as
the main tool for collecting information from the included
studies. The form was developed based on the objectives of
the review and the methodological structure of systematic
reviews in educational psychology, clinical psychology, and
educational technology. The extracted information included
author name, year of publication, country, study design,
sample characteristics, type of specific learning disability,
age or educational level of participants, Al method used,
purpose of the Al application, type of assessment or
intervention, input data used by the Al model, outcome
variables, model performance indicators, intervention
outcomes, major findings, limitations, and implications. For
assessment studies, particular attention was given to
diagnostic accuracy, classification accuracy, sensitivity,
specificity, precision, recall, F1-score, area under the curve,
and predictive validity. For intervention studies, extracted
information included intervention duration, learning
platform characteristics, adaptive or intelligent features,
comparison condition, outcome measures, and reported
educational or clinical effects. To improve consistency, the
extraction form was piloted on five randomly selected
studies before final data extraction, and minor refinements
were made to clarify categories related to Al method,
disability type, and outcome classification.

The methodological quality and risk of bias of the
included studies were evaluated using appraisal tools
appropriate to the design of each study. Diagnostic,
classification, and screening studies were assessed with
criteria adapted from quality-appraisal frameworks for
diagnostic accuracy and prediction-model studies, with
emphasis on participant selection, clarity of target condition,
appropriateness of reference standards, validation strategy,
model transparency, and risk of overfitting. Intervention
studies were evaluated according to criteria relevant to
experimental and quasi-experimental educational research,
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including allocation procedures, baseline comparability,
clarity of intervention protocol, outcome measurement,
attrition, and control of confounding variables. Mixed-
method and observational studies were assessed with criteria
related to sampling adequacy, measurement validity,
analytic rigor, and integration of findings. Quality appraisal
was not used as a basis for automatic exclusion; rather, it was
used to interpret the strength of evidence and to identify
methodological limitations across the body of literature.

2.3. Data analysis

The data were analyzed through descriptive and narrative
synthesis because the included studies differed substantially
in terms of population, type of specific learning disability,
Al technique, input data, assessment purpose, intervention
structure, outcome indicators, and reporting format. First,
descriptive analysis was conducted to summarize the general
characteristics of the included studies, including publication
year, country, sample type, educational level, disability
category, Al approach, and research purpose. The studies
were then categorized into three main analytical groups: Al-
based assessment and diagnosis, Al-based prediction and
risk identification, and Al-based intervention and adaptive
learning support. Within each category, findings were
compared according to the type of Al model used, the nature
of the data analyzed, the target learning disability, and the
reported outcomes. For assessment studies, model
performance indices such as accuracy, sensitivity,
specificity, Fl-score, and area under the curve were
extracted and synthesized narratively. For intervention
studies, reported changes in reading skills, mathematical
performance, writing ability, learning engagement, error
reduction, individualized feedback, and academic
functioning were reviewed and compared across studies.

The synthesis process followed an inductive thematic
approach in order to identify recurring patterns in the
literature. After repeated reading of the included studies,
findings were coded according to the function of artificial
intelligence in the assessment or intervention process. These
codes were then grouped into broader themes, including
automated screening and early identification, classification
of learning-disability profiles, prediction of academic risk,
personalization of instruction, adaptive feedback, intelligent
tutoring, learning analytics, and Al-supported progress
monitoring. The strength of evidence for each theme was
interpreted in relation to study quality, consistency of
findings, sample size, validation methods, and practical
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applicability. Due to heterogeneity in Al algorithms,
outcome measures, educational contexts, and reporting
standards, statistical meta-analysis was not conducted.
Instead, the review provides an integrated qualitative
synthesis of the evidence, supported by descriptive
summaries of study characteristics and performance
indicators. The final interpretation focused on identifying the
current capabilities of Al-based systems, methodological
limitations in the existing evidence, and implications for
future research and practice in the assessment and
intervention of specific learning disabilities.

3. Findings and Results

The final sample of this systematic review consisted of 42
eligible studies that examined artificial intelligence-based
assessment, prediction, classification, monitoring, or
intervention in relation to specific learning disabilities.
Across the included studies, 35 investigations reported
participant-based empirical data, while 7 studies relied
primarily on secondary datasets, archived educational
records, benchmark datasets, or algorithmic validation
samples without full individual demographic reporting. The
35 participant-based studies included a total of 18,476
individuals. Reported sample sizes varied widely, ranging
from small pilot studies with fewer than 30 participants to
large-scale machine learning investigations using several
thousand learners. The median sample size across the
participant-based studies was 164, indicating that although
several studies were exploratory or prototype-based, a
considerable portion of the evidence came from medium- to
large-scale datasets.

In terms of age and educational level, most studies
focused on children in primary and lower secondary
education, which reflects the developmental period in which
specific learning disabilities are most commonly identified
and formally assessed. The age range across the reviewed
studies extended from approximately 5 to 18 years, although
a small number of studies included university students or
adults with persistent reading, writing, or mathematical
learning difficulties. Primary school students represented the
most frequent population because early detection of
dyslexia, dyscalculia, and dysgraphia was a dominant focus
of the reviewed literature. Lower secondary students were
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commonly included in studies dealing with academic-risk
prediction, adaptive learning systems, and intervention
monitoring. Only a limited number of studies examined
preschool children, older adolescents, or adult learners,
suggesting that artificial intelligence-based tools for specific
learning disabilities remain more developed for school-age
populations than for early childhood or postsecondary
contexts.

Gender information was reported inconsistently across
the reviewed literature. Among the 29 studies that provided
sufficient gender-disaggregated data, the combined reported
sample included 12,934 participants, of whom 7,104 were
boys and 5,830 were girls. This distribution shows that boys
represented approximately 54.9% of the reported samples,
while girls represented approximately 45.1%. The higher
proportion of boys may reflect the documented
overrepresentation of boys in referral-based learning-
disability samples, particularly in studies of reading disorder
and dyslexia. However, because several large dataset-based
studies did not report complete demographic information,
this gender distribution should be interpreted cautiously.
Few studies provided detailed information about
socioeconomic status, linguistic background, ethnicity,
comorbidity, or access to educational support services. This
lack of detailed demographic reporting limits the extent to
which the generalizability and fairness of Al-based models
can be evaluated across diverse learner populations.

Geographically, the included studies showed broad but
uneven international distribution. Fifteen studies were
conducted in European countries, 12 in Asian contexts, 7 in
North America, 4 in the Middle East, 2 in South America, 1
in Africa, and 1 in Oceania. The concentration of studies in
Europe, Asia, and North America indicates that most of the
current evidence has emerged from technologically
advanced educational and clinical research settings. In
contrast, relatively few studies were conducted in low-
resource educational systems, multilingual populations, or
regions where access to formal psychoeducational
assessment is limited. This geographical imbalance is
important because artificial intelligence-based assessment
and intervention systems may be strongly influenced by
language structure, orthographic transparency, curriculum
design, availability of digital infrastructure, and the
diagnostic practices used in each country.
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Study characteristic Category Number of Percentage of included
studies studies
Main research purpose  Al-based assessment, screening, classification, or diagnosis 26 61.9%
Main research purpose  Al-based intervention, remediation, or instructional support 9 21.4%
Main research purpose ~ Combined assessment and intervention or monitoring within one Al- 7 16.7%
supported system
Publication period 2014-2016 9.5%
Publication period 2017-2019 8 19.0%
Publication period 20202022 14 33.3%
Publication period 2023-May 2026 16 38.1%
Study design Cross-sectional diagnostic or classification study 16 38.1%
Study design Prediction-model or secondary-dataset validation study 10 23.8%
Study design Quasi-experimental intervention study 6 14.3%
Study design Randomized or controlled intervention study 3 7.1%
Study design Design-based, prototype, feasibility, or usability study 4 9.5%
Study design Mixed-method or multi-phase study 3 7.1%
Target learning Dyslexia or reading disorder 21 50.0%
disability
Target learning Dyscalculia or mathematics disorder 8 19.0%
disability
Target learning Dysgraphia or written expression disorder 5 11.9%
disability
Target learning Multiple or non-specific learning-disability profiles 8 19.0%
disability

Table 1 shows that the reviewed literature was dominated
by studies concerned with Al-based assessment, screening,
classification, and diagnostic support. More than three-fifths
of the included studies focused primarily on identifying
learners with specific learning disabilities or distinguishing
them from typically developing peers. This finding indicates
that artificial intelligence has been used more extensively as
a tool for detection and prediction than as a fully developed
intervention framework. Intervention studies represented a
smaller but important part of the literature, accounting for
slightly more than one-fifth of the reviewed studies, while a
smaller group integrated both assessment and intervention
by using Al-supported monitoring, adaptive feedback, or
learner profiling within digital learning systems. The
temporal distribution of the studies demonstrates a clear
increase in research activity after 2020, with 30 of the 42
studies published from 2020 onward. This pattern suggests

Table 2

Artificial intelligence approaches used across the included studies

that the expansion of machine learning, deep learning,
learning analytics, and adaptive educational technologies
has substantially accelerated research on Al applications for
specific learning disabilities in recent years. In terms of
design, cross-sectional diagnostic or classification studies
were the most common, followed by prediction-model
studies based on existing datasets. Experimental and
controlled intervention designs were less frequent, which
indicates that the evidence base is stronger for algorithmic
detection than for demonstrating long-term educational
effectiveness. Dyslexia and reading disorder were the most
frequently studied conditions, representing half of the
included studies. Dyscalculia, dysgraphia, and broader
learning-disability profiles received comparatively less
attention, showing that Al research in this field remains
concentrated around reading-related difficulties.

Primary Al approach Number ~ Main application area Typical input data Main pattern of findings

of

studies
Traditional machine learning 18 Screening, classification, Reading scores, spelling These models generally performed well in
models, including support diagnostic prediction, and errors, phonological tasks, structured classification tasks, particularly
vector machines, random risk identification mathematical responses, when input features were carefully selected
forests, decision trees, k- demographic variables, and clinically or educationally meaningful.
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nearest neighbors, naive
Bayes, and logistic classifiers

behavioral indicators, and
educational records

Random forests and support vector
machines were frequently associated with
stable classification performance.

Artificial neural networks and 10
deep learning models,

including convolutional

neural networks, recurrent

neural networks, and
transformer-based

architectures

Automated classification,
handwriting analysis,
speech analysis, eye-
movement analysis, and
text-based learning-
disability detection

Images of handwriting, eye-
tracking records, speech
signals, digital writing
traces, reading behavior, and
large-scale learning datasets

Deep learning models showed strong
potential when complex, high-dimensional,
or multimodal data were available, but they
often required larger datasets and were less
interpretable than traditional machine
learning approaches.

Natural language processing 5
and automated linguistic

Dyslexia detection,
written-expression

Written texts, spelling
patterns, phonological

NLP-based approaches were useful for
identifying linguistic markers of reading and

analysis analysis, spelling-error errors, syntactic features, writing difficulties, especially when they
classification, language semantic features, and analyzed error patterns beyond simple
processing, and writing learner-generated language accuracy scores.
support samples

Intelligent tutoring systems, 6 Personalized instruction, Learner response patterns, These systems supported individualized

adaptive learning systems,
and learning analytics

intervention delivery,
progress monitoring, and
adaptive feedback

task performance, time-on-
task, error frequency,
mastery indicators, and
interaction logs

learning pathways and immediate feedback,
but evidence of effectiveness was stronger
for short-term academic gains than for long-
term maintenance or transfer.

Hybrid, ensemble, or 3
multimodal Al systems

Integrated assessment, risk
profiling, and combined
classification using
multiple data sources

Combinations of behavioral,
cognitive, linguistic, visual,
speech, handwriting, and
educational data

Hybrid and multimodal systems often
produced higher predictive performance
than single-source models, although they
were more complex and required more
advanced

Table 2 indicates that traditional machine learning models
were the most common Al approaches used in the reviewed
studies. These methods were particularly prominent in
classification and screening studies because they can work
effectively with structured datasets and moderate sample
sizes. Support vector machines, random forests, decision
trees, and related algorithms were frequently used to classify
learners as having or not having a specific learning disability
based on cognitive, academic, behavioral, or linguistic
features. Their relative interpretability, compatibility with
smaller datasets, and ability to rank predictive features made
them attractive for educational and clinical research. Deep
learning approaches were less frequent but showed growing
importance, particularly in studies using complex data such
as handwriting images, speech recordings, eye-tracking
signals, or large-scale digital-learning logs. These models
demonstrated strong technical performance, especially when

Table 3

the data contained patterns that were difficult to capture
through conventional scoring methods. However, their
interpretability and dependence on large datasets remained
important  limitations. Natural language processing
approaches were especially relevant for dyslexia, spelling
difficulty, and written expression disorder because they
allowed researchers to analyze errors, sentence structure,
linguistic complexity, and written production in greater
detail. Intelligent tutoring systems and adaptive learning
environments were mostly used in intervention-oriented
studies and were designed to personalize instruction, adjust
task difficulty, provide feedback, and monitor learner
progress. Hybrid and multimodal systems appeared less
often but represented one of the most promising directions
because they combined several indicators of learning
difficulty rather than relying on a single source of data.

Findings related to Al-based assessment, screening, prediction, and classification

Assessment-related Number Target condition or Reported performance pattern Interpretation of findings
function of domain
relevant
studies
Early screening and 11 Dyslexia, reading Most studies reported acceptable to Al-based screening tools were effective in
risk identification disorder, dyscalculia, and  high classification accuracy, identifying learners at risk before formal
general learning- commonly ranging from diagnosis, especially when models used
disability risk approximately 78% to 94% multiple academic and cognitive
depending on sample size, feature indicators.
quality, and validation method.
Diagnostic 13 Mainly dyslexia, Diagnostic classification performance Al models can support diagnostic

classification of followed by dyscalculia was generally strong, with several decision-making, but they should be
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learners with and
without specific
learning disabilities

and mixed learning-
disability profiles

studies reporting accuracy above
85%; however, performance declined
when external validation samples
were used.

interpreted as adjunctive tools rather than
replacements for comprehensive
psychoeducational assessment.

Prediction of 8 Reading achievement, Predictive models showed moderate Al-based prediction was useful for
academic difficulty or mathematical to strong performance, particularly identifying learners likely to experience
future learning- performance, writing when baseline academic data, error persistent difficulty, although longitudinal
disability risk development, and school-  patterns, and behavioral learning validation was limited.
based learning problems indicators were included.
Feature-based 10 Reading fluency, Models using phonological The findings suggest that Al systems are
classification using phonological processing,  awareness, rapid naming, spelling most effective when they use
cognitive, linguistic, spelling, writing, and errors, response time, eye movement,  multidimensional learning profiles rather
or behavioral markers mathematics and digital interaction features than one-dimensional achievement
generally outperformed models using  indicators.
single academic scores.
Multimodal 4 Dyslexia, dysgraphia, and ~ Multimodal models usually showed Multimodal Al assessment appears
assessment using mixed learning-disability ~ higher performance than single- promising because specific learning
combined data profiles modality models, particularly when disabilities involve complex cognitive,
sources combining behavioral, linguistic, academic, and behavioral patterns that
visual, or handwriting data. cannot be fully captured by one type of
measurement.
Progress monitoring 5 Reading, writing, These studies showed that Al systems  Al-supported monitoring may improve the

and automated
feedback during
assessment

mathematics, and
adaptive learning
performance

could track changes in learner
performance and generate
individualized feedback, although
long-term validation was limited.

continuity of assessment by moving
beyond one-time testing toward dynamic
and repeated evaluation.

Table 3 demonstrates that Al-based assessment was the
most developed area in the reviewed literature. The evidence
was strongest for early screening, diagnostic classification,
and risk prediction, particularly in relation to dyslexia and
reading disorder. Across the assessment studies, Al models
were able to classify or predict learning-disability status with
generally acceptable to high performance, especially when
models incorporated multiple learner features rather than
relying on a single test score. Studies that used phonological
processing, spelling-error patterns, rapid naming, eye
movement, handwriting features, response time, or digital-
learning behavior often reported stronger results than studies
based only on general achievement scores. This finding is
important because specific learning disabilities are
multidimensional conditions that involve cognitive,

Table 4

linguistic, behavioral, and academic components. The
reviewed evidence suggests that Al systems are valuable
because they can integrate these different sources of
information and detect patterns that may not be easily visible
through conventional assessment alone. However, the
findings also show that many assessment models were
developed and tested within the same dataset or within
relatively narrow populations. Studies using external
validation, cross-cultural samples, or independent clinical
comparison groups were less common. Therefore, although
Al-based assessment systems show considerable promise,
their clinical and educational use requires careful validation,
transparency, and alignment with established diagnostic
procedures.

Findings related to Al-based intervention and adaptive instructional support

Intervention- Number of  Target learning area Reported educational outcomes Interpretation of findings
related function relevant
studies

Intelligent tutoring 6 Reading accuracy, reading Most studies reported improvement in Adaptive literacy systems were

and adaptive fluency, decoding, reading performance after Al-supported useful because they adjusted

literacy instruction vocabulary, and adaptive practice, particularly in decoding difficulty, pacing, and feedback
comprehension accuracy and individualized skill mastery. according to each learner’s

performance profile.

Al-supported 3 Number sense, calculation, Studies generally reported improved Al-based mathematics intervention

mathematics arithmetic fluency, mathematics performance, reduced error was promising but less developed

intervention mathematical problem frequency, and better task completion after ~ than reading-focused intervention,
solving, and dyscalculia- adaptive practice. indicating a need for more studies on
related difficulty dyscalculia.

Automated 2 Handwriting, spelling, Findings suggested improvement in Al-supported writing tools may help

writing and written expression, error writing accuracy and error awareness, learners with written expression
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dysgraphia correction, and writing although evidence was based on small difficulties, but stronger controlled
support fluency samples and short intervention periods. studies are needed.

Personalized 7 Reading, writing, Al systems that provided immediate Personalized feedback was one of
feedback and mathematics, and mixed feedback, learner profiling, or mastery- the most consistent intervention

learner modeling academic skills

based recommendations were associated

advantages of Al-based systems.

with increased engagement and more
targeted learning support.

Teacher- or 4 Monitoring progress, These systems helped educators or Dashboard-based systems may
clinician-support identifying persistent errors, clinicians identify learner needs and adapt improve decision-making, although
dashboards and guiding instructional instruction, but evidence of direct student their effectiveness depends on how
decisions outcome improvement was variable. teachers and clinicians use the
generated information.
Combined 7 Multiple learning-disability These systems used assessment data to Integrated systems are especially
assessment- profiles, especially reading adapt intervention content and monitor promising because they connect
intervention and mathematics progress over time. Most reported positive identification, personalization, and
systems short-term outcomes, but few examined progress monitoring within a

long-term maintenance.

continuous support model.

Table 4 shows that Al-based intervention research was
less extensive than Al-based assessment research, but the
available findings were generally positive. Sixteen studies
had an intervention, remediation, adaptive instruction, or
progress-support component, including the 9 studies
primarily focused on intervention and the 7 studies that
combined assessment and intervention. Among these
studies, 13 reported clearly positive educational or
functional outcomes, 2 reported mixed findings, and 1
reported limited or non-significant improvement. The most
consistent benefits were observed in adaptive literacy
instruction, personalized feedback, and learner modeling.
Al-supported literacy platforms were able to adjust task
difficulty, present individualized practice items, detect
repeated errors, and provide feedback that matched the
learner’s current performance level. These features were

Table 5

associated with gains in decoding, reading fluency,
vocabulary, and comprehension. Mathematics-focused Al
interventions also showed promise, particularly for number
sense and calculation, but the smaller number of studies
indicates that dyscalculia remains underrepresented in the Al
intervention literature. Writing and dysgraphia-focused
interventions were the least developed area, with evidence
mostly based on small-scale or prototype studies. Across
intervention studies, the strongest practical value of Al was
its ability to personalize instruction and provide continuous
feedback. However, the evidence was often limited by short
intervention duration, small sample size, lack of active
control groups, and limited follow-up assessment.
Consequently, Al-based intervention should be viewed as a
promising but still developing area that requires more
rigorous experimental research.

Overall synthesis of evidence, strengths, limitations, and implications

Evidence domain

Main finding

Strength of evidence

Main limitation observed
across studies

Implication for research and
practice

Al-based Al models demonstrated Stronger than intervention Many models lacked Al tools may be used as

assessment acceptable to high ability to evidence because of the larger  external validation, and screening or decision-support
identify or classify learners with  number of studies and more demographic fairness was systems, but not as stand-
specific learning disabilities, frequent use of performance rarely examined. alone diagnostic instruments.
especially dyslexia. metrics.

Al-based Prediction models were able to Moderate, with promising Long-term predictive Schools may benefit from Al-

prediction estimate risk of future academic  findings but limited validity and cross-context based early warning systems
difficulty when academic, longitudinal evidence. generalizability were if models are validated locally
cognitive, and behavioral data insufficiently established. and used ethically.
were combined.

Al-based Adaptive learning systems, Moderate to emerging, with Many studies used small Al-based interventions should

intervention

intelligent tutoring, and
personalized feedback tools
generally improved short-term
learning outcomes.

fewer controlled trials than
assessment studies.

samples, short intervention
periods, and limited follow-
up.

be integrated with teacher or
clinician guidance and
evaluated through controlled
longitudinal studies.

Multimodal and

Systems combining linguistic,

Emerging but promising.

These systems require

Multimodal Al may provide a

hybrid systems behavioral, visual, cognitive, complex data collection, more comprehensive
and academic data often technical infrastructure, and ~ understanding of learning-
produced stronger performance careful privacy protection. disability profiles.
than single-source models.
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Ethical and
practical
implementation

Al systems can support early
identification, personalization,
progress monitoring, and
educational decision-making.

Conceptually strong but
empirically underdeveloped.

Future Al tools must be
transparent, interpretable,
equitable, and aligned with
educational and clinical
standards.

Few studies addressed
explainability, bias, data
security, cultural adaptation,
or teacher acceptance in
sufficient detail.

Table 5 provides an integrated synthesis of the overall
evidence. The strongest conclusion from the reviewed
studies is that artificial intelligence has substantial potential
for supporting the assessment and early identification of
specific learning disabilities. The evidence for classification
and screening was stronger than the evidence for
intervention because more studies focused on diagnostic
prediction and because assessment studies more commonly
reported quantifiable model-performance indicators. At the
same time, the findings indicate that Al-based tools are not
yet sufficiently validated to replace professional judgment,
standardized assessment, or multidisciplinary diagnosis.
Instead, their strongest current role is as supplementary
decision-support tools that can help teachers, psychologists,
clinicians, and educational specialists identify learners who
require further evaluation. The evidence for intervention was
encouraging but less mature. Al-based adaptive instruction,
intelligent tutoring systems, and personalized feedback tools
were associated with improvements in  reading,
mathematics, writing, and engagement, but these findings
were often based on short-term outcomes. The review also
shows that multimodal and hybrid systems may represent the
future direction of the field because they allow learning
disabilities to be understood as complex profiles rather than
isolated test-score deficits. Nevertheless, the ethical and
implementation-related findings reveal significant gaps.
Few  studies adequately  addressed  algorithmic
explainability, bias, fairness, privacy, cultural adaptation, or
the practical readiness of teachers and clinicians to use Al-
generated recommendations. Therefore, although the overall
findings support the usefulness of Al in the assessment and
intervention of specific learning disabilities, they also show
that future research must move beyond technical
performance and examine validity, equity, usability,
educational impact, and long-term outcomes.

4. Discussion

The present systematic review examined artificial
intelligence-based assessment and intervention for specific
learning disabilities and synthesized evidence from 42
eligible studies. The findings showed that the current
literature is dominated by Al-based assessment, screening,
classification, and diagnostic-support studies, whereas

12

intervention-oriented studies are fewer and
methodologically less mature. Specifically, most included
studies focused on identifying learners at risk for specific
learning disabilities, classifying learners with and without
dyslexia, dyscalculia, or dysgraphia, or developing
predictive models based on cognitive, linguistic, behavioral,
academic, handwriting, or digital-learning data. This pattern
indicates that artificial intelligence has entered the field of
specific learning disabilities first as a technology for
detection and decision support, before becoming a fully
established intervention modality. This finding is consistent
with the broader literature showing that Al applications in
neurodevelopmental disorders are increasingly used to
support early identification, clinical management, data-
driven profiling, and prediction of developmental risk
(Mohamed et al., 2026). It also aligns with evidence that
early predictors of language-based learning disabilities have
become a central research priority, particularly because
earlier detection can reduce delays in intervention and
prevent cumulative academic failure (Alabbad et al., 2023).
From a theoretical perspective, this emphasis on assessment
is understandable because specific learning disabilities are
heterogeneous conditions, and Al models are especially
suited to identifying latent patterns across multidimensional
data that may not be visible through single test scores or
informal classroom observation.

The review also found that dyslexia and reading disorder
were the most frequently examined conditions, while
dyscalculia, dysgraphia, and broader or mixed learning-
disability profiles were comparatively less represented. This
imbalance reflects the historical centrality of reading
difficulties in learning-disability research and the greater
availability of measurable indicators such as phonological
awareness, decoding accuracy, spelling errors, reading
fluency, eye movement, and response time. Machine
learning studies on dyslexia have emphasized the
importance of feature selection, algorithmic comparison,
and performance metrics in distinguishing learners with
dyslexia from typically developing peers (Parvathy, 2023).
Similarly, studies using checklist, questionnaire, and online
game-based datasets suggest that dyslexia can be detected
through multiple forms of structured and behavioral data,
review’s  finding  that

supporting  the  present
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multidimensional models tend to be more informative than
single-source  assessment approaches (Santhiya &
Kanimozhiselvi, 2023). Expert-system models for early
dyslexia diagnosis also support the conclusion that Al can
formalize symptom patterns and provide preliminary
decision support for educators and clinicians (Ashidigi et al.,
2023). However, the concentration of Al research on
dyslexia also reveals a gap in the literature. Specific learning
disabilities are not limited to reading; they also include
persistent difficulties in writing, handwriting, spelling,
mathematical reasoning, and numerical processing.
Therefore, the limited number of Al-based studies on
dyscalculia and dysgraphia suggests that current evidence
does not yet fully represent the diversity of learning-
disability profiles.

The findings related to dyscalculia indicate that Al-based
assessment in mathematics learning difficulties is promising
but underdeveloped compared with dyslexia. The reviewed
studies showed that Al models can be used to analyze
mathematical responses, arithmetic errors, number-sense
indicators, response speed, and learner performance
patterns. This is consistent with recent survey evidence
indicating that Al-enhanced dyscalculia screening can
support the identification of children with mathematical
learning difficulties by integrating educational and
computational indicators (Bhushan et al., 2024). The
importance of this area is further supported by
neurocognitive research emphasizing the role of working
memory and ageometria-related processing difficulties in
children with dyscalculia (Galitskaya & Drigas, 2021).
These findings suggest that Al-based dyscalculia assessment
should not be restricted to correct or incorrect answers;
rather, it should include cognitive processes, error
trajectories, working-memory demands, and visuospatial
indicators. Such an approach would allow Al systems to
distinguish between learners who perform poorly due to
insufficient instruction and learners whose difficulties
reflect a more specific mathematical learning disorder.
Nevertheless, because the number of dyscalculia-focused Al
studies remains limited, the evidence base is not yet
sufficient to establish clear standards for algorithm design,
validation, or educational implementation.

A major finding of the review was the growing
importance of Al-based dysgraphia and handwriting
analysis. Studies using online and offline handwriting data,
convolutional neural networks, multimodal learning models,
and automated document analysis show that dysgraphia
assessment is increasingly moving beyond subjective visual
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inspection toward computational analysis of writing
behavior and written output. This finding is strongly aligned
with recent scoping evidence demonstrating that Al-driven
dysgraphia diagnosis can use both static handwriting
products and dynamic writing-process data (Fallah, 2025). It
is also supported by survey and framework studies showing
that automated systems for dysgraphia diagnosis can
integrate handwriting images, motor features, pressure,
stroke patterns, spatial organization, and document-analysis
methods (Kunhoth et al., 2024). Convolutional neural
network-based dysgraphia detection further illustrates how
deep learning can identify visual patterns in handwriting that
may be difficult for human raters to quantify reliably
(Skunda et al., 2022). In addition, multimodal research on
dysgraphia risk assessment among Sinhala-speaking
children highlights the need for language- and script-
sensitive Al systems, because handwriting and written
expression are influenced by orthographic, cultural, and
educational contexts (Weraduwa et al., 2025). This is an
important implication of the present review: Al models
developed in one language or educational system cannot
automatically be assumed to generalize to other scripts,
curricula, or learner populations.

The review showed that traditional machine learning
methods, including support vector machines, random
forests, decision trees, k-nearest neighbors, naive Bayes, and
logistic classifiers, were the most commonly used Al
approaches. These models were frequently applied to
structured datasets, such as academic scores, questionnaire
responses, spelling errors, cognitive markers, and
educational records. Their popularity may be explained by
their relative interpretability, applicability to moderate-sized
datasets, and suitability for classification problems. This
finding is consistent with studies using weighted ensemble
learning models for the identification of specific learning
disability, which demonstrate that combining several
classification approaches may improve predictive stability
and diagnostic performance (Alzahrani & Algahtani, 2024).
Similarly, expert-system research shows that rule-based and
probability-based computational approaches can support
learning-disability classification in school-age children,
especially where standardized specialist assessment is not
readily available (Andrade-Arenas & Yactayo-Arias, 2024;
Fajariyanti et al., 2022). However, the present review also
suggests that the strongest Al models are not necessarily the
most complex models; rather, performance depends heavily
on feature quality, sample representativeness, validation
strategy, and the theoretical relevance of the input data.
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Therefore, Al-based assessment should not be evaluated
only by accuracy values, but also by interpretability, clinical
usefulness, fairness, and alignment with established
diagnostic constructs.

Deep learning, natural language processing, multimodal
models, and hybrid systems appeared less frequently than
traditional machine learning, but they represented important
emerging directions. Deep learning models were particularly
relevant in studies involving handwriting images, speech
signals, eye movement, online writing behavior, and large-
scale educational logs. Natural language processing
approaches were important for analyzing spelling errors,
written expression, syntactic patterns, semantic features, and
learner-generated texts. The usefulness of these approaches
is consistent with the broader understanding that specific
learning disabilities involve complex interactions among
language, cognition, motor coordination, attention, and
academic performance (Sokolowski & Levine, 2022).
Findings on deficits in musical rhythm perception in children
with specific learning disabilities also support the need to
consider temporal, auditory, and sensorimotor processing as
part of learning profiles rather than focusing only on
academic outcomes (Hande & Hegde, 2021). Genetic and
neurodevelopmental studies likewise reinforce the idea that
learning disabilities emerge from complex biological and
developmental pathways, which may explain why
multimodal Al systems often outperform models based on
single measures (Cali et al., 2023; Gyarmathy & Plosz,
2021). Accordingly, the present review suggests that future
Al systems should integrate cognitive, linguistic, behavioral,
academic, and contextual data in order to represent the full
complexity of specific learning disabilities.

Regarding intervention, the review found that Al-based
adaptive  instruction, intelligent tutoring, mobile
applications, serious games, exergames, neurofeedback-
related technologies, and automated feedback systems
generally showed positive short-term outcomes, although
the evidence was less extensive than the evidence for
assessment. The most consistent intervention advantages
were personalization, immediate feedback, adaptive task
difficulty, learner modeling, and progress monitoring. These
findings align with research showing that mobile
applications can support the treatment of learning difficulties
by increasing accessibility, interactivity, and individualized
practice opportunities (Alzubi, 2023). They are also
consistent with analyses of Al-empowered educational tools
for disabled learners, which emphasize that technology can
promote inclusion when it is designed around accessibility,
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learner diversity, and educational usability (Gupta & Gupta,
2024). Serious gaming and technology-based approaches for
neurodevelopmental disorders further support the use of
interactive digital tools for screening, monitoring, diagnosis,
and intervention (Shaikh et al., 2024; Shaikh et al., 2025). In
addition, exergame-based approaches may influence
executive functions and academic performance among
children with specific learning disorder, suggesting that
intervention may benefit from combining cognitive, motor,
motivational, and academic components (Coacci et al.,
2023). Therefore, the intervention findings of the present
review support the practical value of Al-based tools,
especially when they are used to supplement, personalize,
and intensify human-led instruction.

The review also showed that neurocognitive and
neuromodulation-related technologies represent an adjacent
but relevant intervention pathway. Reviews of
neurofeedback for children with ADHD and specific
learning disorders suggest that technology-supported
training may target attention, self-regulation, and executive
functioning processes that influence academic learning
(Patil et al., 2022). Research on transcranial electrical
stimulation interventions in children and adolescents with
specific learning disabilities further indicates growing
interest in cognitive enhancement through technology-
assisted modulation of learning-related neural systems (Azar
et al., 2024). Similarly, research on transcranial direct
current stimulation in ADHD and co-occurring conditions
reflects broader interest in  technology-supported
interventions  for neurodevelopmental profiles that
frequently overlap with learning difficulties (Ali et al.,
2023). Systematic evidence on attention training in specific
learning disorders also highlights an important issue:
intervention success should be judged not only by
improvement on trained tasks but also by transfer to
academic functioning, daily learning, and long-term
educational outcomes (Nejati et al., 2026). This point is
central to interpreting the present review. Although Al-based
intervention studies frequently reported short-term gains,
fewer studies examined durability, generalization, transfer,
or functional academic outcomes. Thus, the intervention
evidence is promising but still requires stronger longitudinal
and controlled research designs.

Another important finding was the limited attention to
psychosocial, cultural, and implementation-related
dimensions. Many Al studies focused heavily on model
performance while providing insufficient information about
learner  diversity, socioeconomic  status, language
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background, comorbidity, teacher readiness, parent
involvement, or cultural adaptation. This limitation is
important because learning disabilities do not occur in a
social vacuum. Research in South Sudanese refugee camps
shows that learning disabilities may contribute to
psychosocial problems among children, particularly in
contexts marked by displacement, instability, and reduced
educational resources (Achiek & Selugo, 2024). Studies on
children with learning disabilities in Malaysia also show the
importance of national, cultural, and institutional contexts in
shaping identification and support systems (Dzulkifli, 2024).
Case-study evidence on dysgraphia in elementary school
illustrates that individual learners may present with unique
classroom, linguistic, and developmental profiles that
require contextualized interpretation rather than purely
automated classification (Yuniari, 2024). Research on
university students with dyslexia also demonstrates that
learning disabilities can continue to affect academic
pathways beyond childhood and may influence higher
education adaptation and career progression (Benedetti et
al., 2021). Moreover, studies of poor academic performance
in children with neurological conditions, such as benign
epilepsy with centro-temporal spikes, indicate that learning
difficulties may intersect with broader medical and
neurodevelopmental factors (Vetri et al., 2023). Therefore,
Al systems must be designed and interpreted within real
educational, clinical, cultural, and psychosocial contexts.

5. Conclusion

Overall, the findings of this review support the conclusion
that artificial intelligence has considerable potential to
improve the assessment and intervention of specific learning
disabilities, but this potential is not yet fully realized. The
current evidence is strongest for Al-supported screening,
classification, and risk prediction, particularly in dyslexia
and increasingly in dysgraphia and dyscalculia. Evidence for
Al-based intervention is encouraging but remains
comparatively limited, especially regarding long-term
outcomes, transfer effects, and implementation in ordinary
school settings. These conclusions are consistent with recent
systematic evidence indicating that Al-based interventions
for students with learning disabilities are promising but
require stronger methodological validation and more
attention to educational applicability (Paglialunga &
Melogno, 2025). They also align with calls from people with
lived experience, who emphasize that research priorities in
specific learning difficulties should reflect the practical
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needs, preferences, and everyday challenges of affected
individuals (Luciano et al., 2025). Furthermore,
neuroscience-, education-, and technology-integrated
perspectives emphasize that better outcomes for learners
with specific learning disabilities require coordinated
systems rather than isolated tools (Asdaq et al., 2025). Thus,
Al should be understood as a supportive component within
multidisciplinary assessment and intervention, not as a
replacement for teachers, clinicians, psychologists, families,

or learners’ own perspectives.

6. Limitations & Suggestions

The present systematic review had several limitations.
First, the included studies were heterogeneous in terms of
design, sample size, disability type, Al method, input data,
outcome indicators, and reporting standards, which limited
the possibility of direct comparison across studies and
prevented meta-analytic synthesis. Second, many studies
had small or moderate samples, used single-site datasets, or
lacked external validation, which reduces confidence in the
generalizability of the reported Al models. Third,
demographic information was inconsistently reported,
especially with regard to gender, socioeconomic status,
linguistic background, disability severity, comorbid
conditions, and educational support history. Fourth,
intervention studies were fewer than assessment studies and
often had short implementation periods, limited control
conditions, and insufficient follow-up. Finally, many studies
emphasized technical performance but provided limited
discussion of explainability, ethical use, data privacy,
cultural fairness, teacher acceptance, and integration into
real educational or clinical systems.

Future research should move toward larger, more diverse,
and externally validated studies that test Al systems across
different languages, scripts, cultures, age groups, and
educational settings. Researchers should report demographic
and contextual characteristics more completely so that
algorithmic fairness and generalizability can be evaluated.
Future studies should also compare different Al models
using standardized performance metrics and should include
interpretable models that allow educators and clinicians to
understand why a learner has been classified as at risk. In
intervention research, randomized controlled trials,
longitudinal studies, active comparison groups, and follow-
up assessments are needed to determine whether Al-based
tools produce durable improvements in reading, writing,
mathematics, attention, engagement, and academic
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functioning. More studies should also examine dyscalculia,
dysgraphia, multilingual learners, adolescents, adults, and
learners with co-occurring neurodevelopmental or emotional
difficulties. Finally, future research should include the
perspectives of students, parents, teachers, clinicians, and
policymakers in order to ensure that Al systems are not only
technically accurate but also usable, ethical, acceptable, and
educationally meaningful.

In practice, Al-based assessment and intervention tools
should be implemented as supplementary supports within
multidisciplinary educational and clinical systems. Schools
and clinical centers can use validated Al tools for early
screening, progress monitoring, individualized feedback,
and instructional planning, but final diagnostic and
intervention decisions should remain guided by trained
professionals. Teachers and specialists should receive
practical training on how to interpret Al-generated outputs,
recognize false positives and false negatives, and combine
digital evidence with classroom observation, standardized
testing, and family information. Al-based intervention
platforms should be selected according to accessibility,
transparency, age appropriateness, language relevance,
curriculum alignment, and evidence of effectiveness.
Practitioners should also ensure that learners are not
stigmatized by algorithmic labels and that data privacy is
protected. When responsibly integrated, Al can help create
more responsive, individualized, and timely support systems
for learners with specific learning disabilities.
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