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Abstract. This research examines the impact of artificial intelligence tools on 

supporting individuals with dyslexia, based on a meta-analysis of experimental 

and quasi-experimental studies published between 2015 and 2025. The study 

evaluates two complementary dimensions: AI-based prediction and diagnosis 

systems that improve the accuracy of screening and early identification, and AI-

based educational support tools that provide personalised interventions and adap-

tive learning environments. 

The meta-analysis included 12 studies with 2,530 participants (1,186 diag-

nosed with dyslexia). The results showed a small positive effect of AI integration, 

, which was not statistically significant, alongside considerable heterogeneity 

across studies, reflecting diverse methodologies and application contexts. Sensi-

tivity analyses confirmed the robustness of these findings, and no significant pub-

lication bias was detected. 

Artificial Intelligence (AI) thus appears to be a promising tool, especially for 

the early detection of dyslexia; however, additional research is required to deter-

mine its effectiveness in educational interventions. Future studies should adopt 

harmonized, longitudinal approaches to investigate the factors that influence how 

AI tools affect learning outcomes. 

Keywords: learning disabilities, dyslexia, artificial intelligence, early diagno-

sis, adaptive learning. 

1 Introduction 

Dyslexia is considered the most common learning disability; it affects 5-15% of the 

global population (Rauschenberger et al., 2025) and 20% of the school-age population 

(Shaywitz et al., 2021). Dyslexia is a specific learning disability that is neurobiological 

in origin. It is characterised by difficulties with accurate and/or fluent word recognition 

and by poor spelling and decoding abilities and can include problems in reading com-

prehension and reduced reading experience. It can impede the growth of vocabulary 

and background knowledge (Carroll et al., 2025). Student with dyslexia face numerous 
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challenges in school due to their learning difficulties; if not adequately addressed, these 

obstacles may lead to feelings of shame, timidity, inadequacy, low self-esteem, and 

even behavioural issues such as aggression, potentially increasing the risk of school 

dropout (Wahbi & Farouk, 2023). In his study (Rauschenberger et al., 2025) state that 

35% of dyslexic students drop out, and less than 2% will complete a four-year college 

degree. In contrast to these problems, AI has arisen as a revolutionary instrument in 

dyslexia research and education, offering solutions to these long-standing challenges. 

AI has been defined as the ability of a digital computer or computer-controlled robot 

to perform tasks commonly associated with intelligent beings (Chukwuemeka & 

Agbarakwe, 2024). Artificial intelligence refers to computer systems capable of per-

forming complex tasks that historically only humans could do, such as reasoning, mak-

ing decisions, or solving problems. Today, AI services in education consist of using AI 

to automate, aid or personalise experiences by predicting outcomes based on user in-

teraction (J. Wang et al., 2022). AI tools are revolutionising dyslexia research and ed-

ucation by providing early detection, support and interventions (Yap et al., 2025). 

Early detection of dyslexia is crucial to help dyslexic children master the basics be-

fore the academic content becomes more complex (Zainuddin et al., 2022). The tradi-

tional dyslexia detection techniques include standardised tests conducted by specialists. 

However, they are time-consuming and costly (Pedroli et al., 2017). In recent years, 

Machine Learning (ML) techniques have become popular in predicting dyslexia from 

the data collected through online tests, such as reading and writing exercises, online 

games, tracking eye movement… (Kaisar, 2020). 

The use of AI in education is growing in popularity. Nonetheless, the literature on 

their application in dyslexia is severely lacking. Artificial intelligence could be a po-

tentially valuable assistive tool for dyslexic students. AI tools can be used to develop 

interactive learning aids, personalised learning experiences, and real-time feedback for 

students with dyslexia to support their learning experience (Yap et al., 2025). AI tools 

for dyslexia include text-to-speech (TTS), software, speech-to-text (STT) programs, 

word prediction tools, audiobooks, and other digital learning aids. These tools help stu-

dents access written information, express their thoughts more clearly, and engage with 

content in a way that accommodates their unique learning needs (Clement & Tosin, 

2025). 

The development of AI technology has brought forth new tools to aid people with 

dyslexia in their learning and daily lives. Nevertheless, there are still some concerns 

regarding their effectiveness and limitations. It is essential to understand how these 

technologies affect the support given to people with dyslexia, whether in terms of read-

ing, writing, accessibility or integration into the world of work and the education sys-

tem. 

This research examines the impact of artificial intelligence tools on support for peo-

ple with dyslexia. It analyses existing experimental and quasi-experimental studies to 

identify the most effective approaches and highlight current best practices. In line with 

this objective, this research examines the role of artificial intelligence in detecting and 

diagnosing dyslexia, identifying the tools and approaches used for early and reliable 

identification. It also identifies AI tools designed to support people with dyslexia.  



 

 

Artificial Intelligence for Dyslexia: A Meta-Analysis             141

The remainder of this article is structured into three main sections. The Methods 

section details the procedures used for study identification and analysis. The Results 

section reports the primary findings. Finally, the Discussion and Conclusion section 

interprets these results and highlights their key implications. 

2 Methods 

2.1 Design and procedure 

We decided to conduct a scoping review to achieve our objective. The scoping review 

aims to gather and summarise the literature in a specific field, effectively delimiting 

and mapping the body of evidence in the chosen field. In our scoping review, we opted 

for the JBI methodology (Peters et al., 2021). 

An extensive literature search was undertaken using various databases, including 

Scopus, Eric, Cairn, and Google Scholar, following the guidelines to guarantee the 

transparency and quality of systematic reviews and meta-analyses. We decided to use 

the PICOS framework, as represented in the Table 1, to develop an effective literature 

search strategy and clearly define the key elements of our research question. 

Table 1. Inclusion and Exclusion Criteria based on the PICOS Framework. 

Criteria Inclusion Criteria Exclusion Criteria 

Population (P) Studies focus on individuals with dyslexia, regardless of 

age group or severity of the condition. 

Studies that do not focus primarily on individu-

als with dyslexia 

Intervention (I) 

designed explicitly for dyslexia support. This includes 

but is not limited to ML algorithms, deep learning mod-

els, and neural networks utilised in dyslexia-related inter-

ventions. 

Research focusing on AI technologies and interventions 

signed explicitly for dyslexia support or focus on 

traditional, non-AI-based interventions. 

Studies that do not involve AI technologies de-

Comparator (C) Studies exploring the effectiveness of AI tools with direct

comparison (may or may not include a control group). 

Studies that only compare two non-AI-based ap-

proaches without examining the impact of AI 

technologies. 

 

Outcome (O) Studies that explore the benefits, key challenges, con-

cerns, and impact of AI tools in dyslexia support, includ-

ing improvements in reading skills, motivation, error re-

duction, or learner engagement. 

Studies that do not explore the benefits, key 

challenges, concerns, or impact of AI tools in the 

context of dyslexia support. 

Study Design (S) Experimental, quasi-experimental. Theoretical and conceptual studies. 

The search used Boolean operators “AND” and “OR” to combine several concepts 

or exclude irrelevant results to refine the results. The terms used were “artificial intel-

ligence”, “dyslexia”, and “education”, as well as their respective synonyms to improve  

sensitivity and avoid missing relevant articles; filters were used to refine the search 

further. For example, the following search string (Table 2) was used in Scopus by com-

bining key terms and keywords: 
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Table 2. Search Strategy and Boolean Operators. 

Operator Field Tag Employed String 

 Title or Abstract or Keywords “Artificial intelligence” OR “AI” OR “ML” OR “deep learning” 

AND Title or Abstract or Keywords “Dyslexia” OR “dyslexic” OR “Reading disability” OR “Reading disorder” 

AND Title or Abstract or Keywords “Education” OR “Teaching” OR “Learning” OR “Assistive technology” 

NOT Title or Abstract or Keywords “ADHD” OR “Autism” OR “Learning difficulty” 

Filters  Published between 2015 and 2025, English papers only 

2.2 Data Analysis 

To achieve the main objective of this research, that is, to assess whether there is a sig-

nificant difference in integrating AI tools in the support of people with dyslexia, the 

effect size was calculated using Cohen’s d index and its variance using Excel (Cohen, 

1960). This index measures the size of the difference between the control group and the 

experimental group (or between the pre-and post-measures), as recommended by 

(Hedges et al., 2009). 

Most articles (91,67%) included in our meta-analysis report several effect sizes from 

the same sample (reading speed, reading comprehension, reading fluency...), which 

contradicts the statistical hypothesis that the effect sizes are independent. To respect 

this condition, a single effect size was calculated per sample by weighted averaging of 

the effects. Also, three papers included in our meta-analysis did not report correlations 

between effect sizes, so we estimated a mean p of .5 between all pairs of effect sizes in 

each study. We then performed a sensitivity analysis by varying the p value from 0 to 

1.0 to test the robustness of the results (Hedges et al., 2010). 

Overall effect size estimates, tests for heterogeneity of effect sizes across all sam-

ples, and a test for publication bias were performed using Jamovi 2.6.26.0 meta-analy-

sis software. The I² statistic, τ² and Cochran’s Q test were used to analyse heterogeneity 

between studies. Due to the significant expected and observed heterogeneity, a random-

effects meta-analysis was used with 95% confidence intervals (CIs). 

3 Results 

3.1 Study selection 

This study considered all types of traditional articles, including letters to the editor and 

conference papers. Although citation searching was applied to identify additional stud-

ies, checking the reference lists of primary studies and journals to add completeness 

and rigour, no additional relevant studies were identified. Articles written in English 

and published from 2015 onwards were selected to ensure a timely review of the impact 

of AI tools on supporting people with dyslexia. 

The initial search yielded 216 articles; after removing 107 duplicates, the full texts 

of the remaining 102 articles were retrieved (7 could not be accessed). Of the retrieved 

studies, 32 were excluded because they were not related to dyslexia or artificial 
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intelligence research or for other reasons, such as they were written in a language other 

than English, and if they were not experimental or semi-experimental research. 

This left 70 experimental studies exploring the application of AI to help people with 

dyslexia. 53 studies were excluded due to missing statistical data (mean and standard 

deviation), and 5 studies were excluded because they lacked a comparison condition 

(control group or pre-post-test). In the end, 12 studies involving 2530 participants (1186 

with a confirmed diagnosis of dyslexia) met the inclusion and exclusion criteria and 

were included in the present analysis, as illustrated in the PRISMA diagram shown in 

Figure 1. 

Fig. 1. PRISMA diagram for the selection process. 

3.2 Study characteristics 

The main characteristics of the studies included in this meta-analysis are presented in 

the Table 3. It summarises essential information such as the year of publication, the 

country, the target population, the type of artificial intelligence tool used, and the ob-

jectives and main results of each study. 

Among the 12 articles included in our study, 11 studies were published after 2020, 

with a 91.7% percentage, showing a significant acceleration in research into the appli-

cation of AI in the support of dyslexics. Several factors may explain this trend, includ-

ing rapid technological advances in AI and the opportunities offered by AI to provide 

personalised aid. 

The geographical distribution (12 articles in 10 countries) shows moderate interna-

tional diversity. On the other hand, the presence of countries less represented in the 

scientific literature, such as Nigeria, highlights a global interest. However, French-

speaking and North African countries are absent from the sample analysed. 
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Looking at the distribution of the objectives of AI tools used in the studies included 

in our meta-analysis, a dominant trend emerges: 58.3% of the studies focused on using 

artificial intelligence to detect and predict dyslexia. In contrast, only 41.7% of the stud-

ies adopted a pedagogical intervention approach, applying AI tools to support learners 

already diagnosed with dyslexia. Among these, the vast majority (75%) targeted im-

proving reading skills, confirming that reading remains a core area of concern in dys-

lexia intervention. 

Table 3. Summary of Studies Using AI Tools for Dyslexia Support 

ID author, year Countr AI Tool y AI Objective Target Population ag. Comparison esearch Outcome R
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Half of the studies included (50%) target primary school students, which confirms 

the importance of this period in the screening and support of learning disorders, partic-

ularly dyslexia. The studies targeting pre-readers (16.7%) reflect a growing desire to 

use artificial intelligence for preventive purposes from the earliest stages of written 

language development. Conversely, only one study targeted secondary students, and 2 

studies did not specify the age of the participants, which highlights the lack of harmo-

nisation in the description of the samples. 

A large majority of studies (over 80%) indicate that the use of artificial intelligence-

based tools has a beneficial impact on the support of people with dyslexia. The results 

confirm that AI tools are particularly effective for dyslexia detection and prediction 

purposes, with high success rates in the early identification of at-risk profiles. Com-

pared to studies that have used AI tools for educational purposes, which show more 

variable results, these findings indicate that AI tools already perform highly in diagnos-

tic tasks, but their use as teaching tools still requires development. 
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3.3 Overall effect size 

To assess the main objective of this research, the effect size was calculated using Co-

hen’s d index, which measures the magnitude of the difference between the control 

group and the experimental group (or between the pre- and post-measures). 

This standardised measure was chosen to allow comparison between the different 

studies included in the analysis, as shown in Figure 2. The effect size of the overall 

standardised mean difference (k = 12) was 0.16 with a 95% CI [-0.20, 0.52]. 

 

intervals Fig. 2. Forest plot with the individual effect sizes and their 95% confidence 

The results in Figure 2 show that the overall effect of integrating artificial intelligence 

tools to support people with dyslexia is positive but small. However, the confidence 

interval associated with this estimate includes the value zero, which means that the ef-

fect observed is not statistically significant at the 5% threshold. In other words, based 

on the studies included, it is not possible to conclude with certainty that the use of AI 

tools have a widespread positive impact. Concerning heterogeneity, as we assumed at 

the outset, the results in Table 4 reveal substantial variability between studies (I² = 

95.48%, τ² = 0.3635), indicating that almost all the variance observed is attributable to 

fundamental differences between studies rather than random fluctuations. Cochran’s Q 

test (Q = 93.02, p < 0.001) confirmed the presence of statistically significant heteroge-

neity, which justifies the use of a random effects model. 

Table 4. Heterogeneity Statistics 

Tau  Tau2
  I2 H2

  R2 df  Q  p 

0.603 0.3635 (SE = 0.1735) 95.48%  22.144  .    11.000 93.020  <.001  

These results suggest that the effect of AI in supporting people with dyslexia varies 

considerably between studies, depending on contextual factors such as the type of in-

tervention, the target population, or the nature of the tool used. 
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3.4 Publication Bias Assessment 

The publication bias analysis shown in Table 5 revealed a Fail-Safe N of 22 (p = 0.003), 

indicating that a relatively modest number of additional studies with null results would 

be required to render the overall effect insignificant. However, the results of Kendall’s 

Tau (τ = 0.152, p = 0.545) and Egger’s regression (p = 0.138) tests did not reveal any 

significant publication bias. 

Table 5. Publication Bias Assessment 

Test Name Value p  

Fail-Safe N 22.000 0.003 
Kendall’s Tau 0.152 0.545 

Egger’s Regression 1.482  0.138 

The funnel plot in Figure 3 shows a relatively symmetrical distribution of effect sizes 

around the mean estimate, with no clear sign of systematic asymmetry. This observa-

tion is consistent with the results of statistical tests, in particular Kendall’s Tau test (p 

= 0.545) and Egger’s regression (p = 0.138), which did not reveal any significant pub-

lication bias. The results of the meta-analysis, therefore, appear to be little affected by 

publication bias. 

 

Fig. 3. Funnel Plot 

Overall, there was no clear evidence of publication bias in the included studies, alt-

hough some caution remains necessary given the small number of studies available. 
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3.5 Sensitivity analysis 

As part of this meta-analysis, a sensitivity analysis was carried out using Jamovi 

software to assess the robustness of the results obtained and to detect any studies exert-

ing a disproportionate influence on the overall conclusions. 

Fig. 4. Leave-One-Out Tau Estimates   Fig. 5. Leave-One-Out (Residual) Hetero-

geneity Test Statistics. 

The sensitivity analysis using the leave-one-out procedure in Figure 4 and Figure 5 

revealed that the study with the ID 5 had a major influence on the overall results. In-

deed, its withdrawal led to a substantial reduction in heterogeneity (I² dropping from 

95.48% to 88.35%) and a virtual cancellation of the mean effect size (d = 0.0194). 

These results suggest that the overall positive effect observed should be interpreted with 

caution, considering the high variability of effects between studies. 

Given that we estimated for the three studies included in our study that presented a 

pre-post-test with a single group a correlation value of p=.5, and in order to test the 

sensitivity, we varied the value of p; the Table 5 presents the variations of the global 

effect d and the heterogeneity (I² and τ²) according to the variation of the p-value. 

Table 6. Sensitivity Analysis Based on Different Pre-Post Correlations 

p (correlation) Mean Effect (d) 95% CI  Overall p-value I (%) Tau Q  Heterogeneity (p) 

0.3 0.157 [-0.208 ; 0.521] 0.399  95.07 0.3659 91.478 < 0.001  

0.5 (initial) 0.160 [-0.201 ; 0.522] 0.385  95.48 0.3635 93.020 < 0.001  

0.7 0.168 [-0.192 ; 0.528] 0.361  96.19 0.3637 97.669 < 0.001  

The results in Table 5 show that the average effect size varies slightly between d = 

0.157 (p=0.3), d = 0.160 (p=0.5) and d = 0.168 (p=0.7). In all cases, the effect remains 

small, positive and not statistically significant (p > 0.05), with confidence intervals en-

compassing zero. Moreover, the degree of heterogeneity remains extremely high (I² > 

95%), regardless of the p-value used. These results indicate that the main conclusions 

of the meta-analysis are robust to the estimation of the correlation. 

4 Discussion 

The aim of this meta-analysis was to assess the impact of AI tools on support for people 

with dyslexia. The overall effect estimate indicated a positive but small effect size (d = 
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0.16; 95% CI [-0.201; 0.522]), and this effect was not statistically significant (p = 

0.385). Thus, although a favourable trend was observed, it is not possible to draw firm 

conclusions about the widespread effectiveness of AI tools from the available studies. 

Very high heterogeneity was found (I² = 95.48%), confirmed by a significant Q test 

(p < 0.001). This result shows that the variability between studies cannot be attributed 

to chance and that methodological, contextual or sampling differences strongly affect 

the results. The diversity of the AI tools used, the audiences targeted (ages, school lev-

els), and the objectives of the interventions (detection vs. pedagogy) could explain this 

considerable heterogeneity. 

Regarding the evaluation of publication bias, the results of Kendall’s Tau (p = 0.545) 

and Egger’s (p = 0.138) tests, as well as the inspection of the funnel plot, do not suggest 

any significant bias. However, the relatively low Fail-Safe (N =22) suggests that some 

caution should be exercised. 

Sensitivity analysis using the ‘leave-one-out’ method revealed that the study with 

the ID 5 has significantly influenced the overall results. By removing this study, heter-

ogeneity decreased (I² from 95.48% to 88.35%), and the mean effect size fell sharply 

(d from 0.16 to 0.0194). This result shows that the conclusions can only be interpreted 

with a degree of caution because the presence of some influential studies partially con-

ditions the strength of the overall effect. 

Finally, an additional sensitivity analysis was conducted by varying the value of the 

estimated correlation between pre- and post-tests (p initially set at 0.5). When p was 

lowered to 0.3 or increased to 0.7, the mean effect remained stable (d varying from 

0.157 to 0.168), and heterogeneity remained very high (I² > 95%). This indicates that 

the main conclusions are robust in estimating the missing correlation for the studies 

concerned. 

5 Conclusion 

This meta-analysis highlights the potential of artificial intelligence tools to support peo-

ple with dyslexia, but it also highlights the need for important nuances. The overall 

effect observed was positive but small and not statistically significant, while the studies 

included were highly heterogeneous. The absence of significant publication bias and 

the robustness of the results to variations in methodological parameters strengthen the 

credibility of the results, but certain influential studies strongly condition the estimate 

of the overall effect. 

This meta-analysis has several limitations, including a small number of studies, high 

heterogeneity, methodological limitations, and disproportionate influence from the 

(Pait et al., 2024) study. The inclusion criteria, which only included experimental and 

quasi-experimental studies, may have excluded relevant results. The low Fail-Safe N 

suggests the results could be vulnerable to unpublished negative studies. Geographical 

diversity is limited, with under-representation of specific cultural and linguistic con-

texts, particularly in French-speaking and North African countries. These observations 

suggest that the conclusions should be interpreted with caution and highlight the need 

for more harmonised future research.  
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Several lines of research deserve to be explored to deepen our understanding of the 

impact of artificial intelligence tools on support for dyslexic people. It would be useful 

to increase the number of studies, particularly in under-represented geographical con-

texts. Finally, a systematic analysis of subgroups, with a clear distinction between di-

agnostic and pedagogical approaches, could shed light on the specific areas where AI 

is most effective. 
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