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Abstract

This meta-analytic work, conducted in accordance with PRISMA guidelines, evaluates the efficacy of digital interventions
in improving reading outcomes in children under 15 years of age. We included 41 studies (k=194) focused on poor
readers and 15 studies (k=69) on general school readers, all employing randomized controlled or quasi-experimental
designs published between 2000 and 2022. Multilevel meta-analyses with robust variance estimation, conducted using
the open-access tool ShinyApp, revealed a medium effect for poor readers (g=0.433, CI = [0.3, 0.56], p<.001),
corresponding to substantial literacy gains, and a smaller effect for general readers (g=0.256, CI = [0.08, 0.43],
p=.009) reflecting more modest progress. Notably, interventions targeting reading-specific skills, such as decoding
and comprehension, were effective across both groups, whereas those focused on domain-general cognitive skills, such
as attention and working memory, benefited only poor readers. Results varied slightly by orthographic transparency,
with numerically stronger effects in languages with simpler syllabic structures. No significant differences emerged
between decoding and comprehension outcomes. These findings highlight the potential of tailored digital interventions
to enhance reading—especially for children facing literacy challenges— while underscoring the need to adapt them to
diverse learner and contextual characteristics to ensure scalability and cross-linguistic applicability.

Keywords Reading - Digital-based tools - Intervention effects - Poor readers

Introduction

Reading proficiency and its constituent abilities —such as
reading with fluency and fully comprehending what has been
read— are fundamental to academic achievement across
domains. As Duke and colleagues stated, these abilities
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bridge “the gap between learning to read and reading to
learn” (Duke et al., 2003).

Despite the importance of reading in every aspect of 21st-
century life, a significant proportion of the school-age popu-
lation fails to fully master this essential skill (McFarland et
al., 2019). For instance, approximately 25% of 15-year-olds
in OECD countries perform below the minimum reading
standard needed for daily life (OECD, 2019). Poor read-
ing proficiency limits life opportunities and contributes to
broader societal inequalities, with increased risks of adverse
outcomes such as physical and mental health issues (Car-
neiro & Gordon, 2013; Pape et al., 2011; Parsons & Bynner,
2007). Crucially, individuals with reading difficulties, often
referred to as “poor readers”, encompass a heterogeneous
population that includes, but is not limited to children with
developmental dyslexia, which affects 5-7% of the global
school-age population (Snowling et al., 2020).

Addressing these challenges requires innovative, scal-
able solutions. Digital interventions, leveraging advances in
Information and Communication Technologies (ICT), may
be able to provide such crucial solutions. The current work
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presents an evaluation of the state of digital interventions
for reading following the PRISMA framework. In the case
of reading, different digital interventions have been specifi-
cally designed to address either the needs of participants
with poor reading skills or the needs of participants within
the typical reading range, hereafter termed “general read-
ers”. In doing so, these interventions have aimed to follow
the best design principle of tailoring intervention content
to the user’s skill level (Mayer, 2020). As poor readers and
general readers bring rather different reading and cognitive
skills to the intervention, we present two separate meta-
analyses, one for each group. Given our interest in reading
acquisition during the school years, we limit our age range
to children under the age of 15.

Determinants of Learning To Read

Designing digital interventions to support reading requires
an in-depth understanding of the key processing compo-
nents that support reading acquisition. A rich literature
points to the importance of training reading and reading-
related skills, which we term domain-specific skills. In addi-
tion, training more central cognitive skills such as executive
functions and attentional control, which we term domain-
general skills, has also been identified as a promising ave-
nue for enhancing reading outcomes.

Domain-specific interventions focus on linguistic skills,
such as phonological awareness, decoding, and reading
comprehension, which are foundational to reading. Indeed,
for alphabetic languages, there is much evidence that sys-
tematic instruction in letter-sound correspondences is
essential for improving literacy skills in both poor readers
and general readers (for a comprehensive meta-analysis,
see Torgerson et al., 2019). Once children have developed
proficiency in letter-sound mappings, instruction can then
incorporate meaning-based strategies to further improve
reading outcomes (Castles et al., 2018; Haft et al., 2019).
Thus, these strategies offer a robust foundation for achiev-
ing literacy in general school populations (Landerl et al.,
2021; Snowling, 2014). For digital interventions focus-
ing on domain-specific training, the challenge then is to
scaffold the training through different difficulty levels via
carefully selected linguistic tasks and appropriate stimuli
(Verhoeven et al., 2021). GraphoGame exemplifies this
approach by systematically introducing grapheme-pho-
neme correspondences—the relationship between written
letters or letter combinations (graphemes) and their cor-
responding sounds (phonemes)—through gamified tasks
(Richardson & Lyytinen, 2014). GraphoGame adapts to
different languages, such as French, by training mappings
at various grain sizes, including syllables and whole words
(Lassault et al., 2022).
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In contrast, domain-general interventions target cog-
nitive skills —such as attentional control and executive
functions (EFs)— known to facilitate learning to read, as
well as learning in other domains (Grainger et al., 2016;
Pennington et al.,, 2012; Vidyasagar & Pammer, 2010).
For instance, fluent reading requires attentional control to
focus selectively on relevant parts of the text while inhibit-
ing distractions and working memory to retain and process
phonological, morphological, and semantic representations.
Among these skills, attentional control is particularly criti-
cal for grapheme-to-phoneme conversion and filtering out
irrelevant information, both of which underpin reading flu-
ency (Gori & Facoetti, 2015; Grainger et al., 2016; Valdois
et al., 2019; Vidyasagar & Pammer, 2010). While the pre-
cise mechanisms by which domain-general abilities may
affect the acquisition of literacy remains an issue of debate
in the field, it is well accepted that, if dysfunctional, they
can act as roadblocks to reading acquisition (Cirino et al.,
2019; Landerl et al., 2019; Moll et al., 2014). To address
these barriers, digital interventions must carefully scaffold
task difficulty to enhance cognitive fitness effectively in the
target cognitive skill areas. Tools designed to train cogni-
tive skills, such as working memory or attentional control
through varied and adaptive tasks, exemplify domain-gen-
eral interventions (for a review, see Titz & Karbach, 2014).

Because digital interventions for reading have been
designed to address both of these possible intervention
paths; accordingly, trained domain —specific or general— is
used as a moderator in this meta-analytic work. Another
moderator of interest, also motivated by theoretical work in
reading, concerns the type of reading outcome considered.
Decoding, the ability to fluently and accurately read words,
contrasts with comprehension, which involves understand-
ing text meaning. Some readers excel in comprehension
despite poor decoding, while others demonstrate the reverse
pattern, underscoring the distinction between these reading
components (Oakhill et al., 2003; Perfetti & Stafura, 2014).
This outcome type is therefore used as a second moderator
in our meta-analytic work. Finally, the last moderator con-
cerns a key linguistic factor in reading known as syllabic
transparency. It refers to the consistency of letter-sound
relationships in a language. Highly transparent languages
(e.g., Finnish, Italian) have predictable mappings, while less
transparent ones (e.g., English, French) are more irregular,
influencing decoding and comprehension (Seymour et al.,
2003; Ziegler & Goswami, 2005). Together, these modera-
tors allow for a more nuanced analysis of intervention effi-
cacy across diverse reading contexts.

Despite significant advancements and the prevalence of
their usage, gaps remain in understanding how digital inter-
ventions cater to diverse reading needs and linguistic con-
texts. Few studies systematically compare domain-specific
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and domain-general approaches or address linguistic mod-
erators like syllabic complexity. This study addresses these
gaps by conducting separate meta-analyses for poor and
general readers, offering a comprehensive evaluation of
digital interventions for personalized and scalable literacy
solutions.

To contextualize the role of digital interventions, we first
review traditional paper-and-pencil approaches for poor and
general readers, followed by a review of how digital tools
seek to transform reading outcomes through individualized
and engaging strategies.

Lessons from Paper-and-Pencil Reading
Interventions

Before diving into the specifics of our two meta-analyses,
it is important to highlight the traditional paper-and-pencil
interventions for reading in each of the two groups we con-
sider. Traditional interventions for poor readers, particularly
in orthographic systems such as English, emphasize sys-
tematic phonics approaches (McArthur et al., 2018). These
programs focus on teaching explicit relationships between
graphemes and phonemes, which are foundational for
decoding and spelling skills. Meta-analytic evidence sup-
ports their efficacy; with consistent findings that phonics-
based instruction significantly improves literacy outcomes
(Ehri et al., 2001; Compton et al., 2014; Galuschka et al.,
2014; McArthur et al., 2012; Suggate, 2010). In addition,
interventions that teach the interrelations between pho-
nology, morphology and etymology (i.e., structured word
inquiry) also show promising results for children with read-
ing difficulties (Colenbrander et al., 2022). In terms of inter-
ventions aimed at improving comprehension, these have
been found to be effective particularly for older students
with reading disorders (Talbott, Wills, & Tankersley, 1994;
Wanzek, Vaughn, Kim, & Cavanaugh, 2006). Thus, both
phonics training and comprehension-focused training have
been identified as providing benefits to poor readers (de
Graaff et al., 2009; Melby-Lervag & Lervag, 2014, respec-
tively). In sum, meta-analyses show that tailored interven-
tions addressing decoding can achieve medium-to-large
effect sizes, benefiting both struggling readers (Hedges
2=0.49; Scammacca et al., 2015) and those with severe dif-
ficulties (Hedges’ g=0.54; Wanzek et al., 2016). Explicit
comprehension strategies focusing on inferencing and text
summarization yield positive results (g~=0.36), with mainte-
nance at follow-up (g=0.22; Suggate, 2016).

For interventions focused on general readers, foun-
dational literacy skills, including phonological aware-
ness, vocabulary, fluency, and comprehension, are
pivotal. Systematic phonics instruction, targeting graph-
eme-phoneme correspondences, is a cornerstone of effective

literacy development (National Reading Panel, 2000).
Hybrid approaches that integrate phonics and comprehen-
sion instruction have demonstrated substantial efficacy in
fostering fluency and comprehension (Buckingham, 2020;
Castles et al., 2018). Instructional strategies vary across lan-
guages with different levels of orthographic transparency
and syllabic complexity (Landerl et al., 2019; Ziegler et
al., 2010). Transparent orthographies like Italian allow for
straightforward phonics instruction due to consistent letter-
to-sound mappings. In contrast, opaque orthographies like
English necessitate greater emphasis on irregular patterns
and sequencing strategies (Verhoeven & Perfetti, 2021).

In sum, traditional paper-and-pencil interventions for
general readers demonstrate modest to moderate impacts
across various reading domains. Systematic phonics instruc-
tion, which targets foundational decoding skills, has shown
a moderate overall effect size (d=0.41) for improving
early literacy, with even greater impacts for younger learn-
ers (d=0.55; Ehri et al., 2001). For reading comprehen-
sion, effect sizes range from small (d=0.186-d=0.431) to
medium (d=0.786) depending on the assessment task used
(Okkinga et al., 2018). However, traditional paper-and-
pencil interventions also present notable limitations, such
as restricted adaptability to individual learning trajectories,
limited engagement, and logistical constraints in implemen-
tation. To overcome these challenges, digital approaches
have emerged as promising tools offering greater flexibility,
personalization, and scalability in reading interventions.

Digital Approaches in Reading Interventions:
Advancements and Challenges

Digital interventions offer a versatile approach to enhancing
reading skills with applications both during school instruc-
tion and in out-of-school settings, such as at home or in
after-school programs (Andreev et al., 2009). Moreover,
they can more naturally be built to include best practices
from learning, such as keeping the learner in the zone of
proximal development, thanks to individualization, boost-
ing engagement through finely tuned interactivity, ease of
accessibility, low costs, attractive graphics, and acceptance
by users as enjoyable and engaging activities (Barr & Kir-
korian, 2023; Jamshidifarsani et al., 2019; Lumsden et al.,
2016; Pasqualotto et al., 2023; Plass et al., 2019; Vermeir et
al., 2020). In the Project Tomorrow (2019), 75% of school-
age students expressed a preference for learning using tablet
devices. Beyond such clear gains in acceptability, digital
interventions that offer individualized interaction modes and
adapt the intervention content based on children’s real-time
performance may be most effective in enhancing reading
skills as reviewed by Jamshidifarsani et al. (2019). Indeed,
these authors reported overall low to moderate effects on
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decoding and reading comprehension, with a more pro-
nounced impact observed among lower-achieving students.
Individualized digital interventions are attractive as they
offer learners the opportunity to progress at their own pace
(Corbett, 2001; Kim, 2006) while remaining engaged with
the learning activity (Bryant et al., 2015; Malouf, 1988)
thanks to formative feedback and scaffolding (Pasqualotto
et al., 2022). In addition to being relatively easy to deploy
at scale, digital interventions can incorporate interactive and
gamified elements, deliver real-time adaptive adjustments,
and provide immediate individualized feedback and pacing,
making them a particularly promising approach to reading
training, especially for young learners and those with atten-
tional or learning difficulties.

Digital interventions for reading have largely mirrored
more traditional, paper-and-pencil approaches when it
comes to content. Digital interventions targeting reading and
reading-related skills such as phonics-based training appear
most promising as reviewed by Ostiz-Blanco et al., 2021
(see also Alqgahtani & Rajkhan, 2020; Cidrim & Madeiro,
2017; MacArthur et al., 2001; Ronimus et al., 2020). Simi-
larly, a meta-analysis of 67 studies (Verhoeven et al., 2021)
indicated that computer-assisted word reading interventions
generally result in moderate positive effects on decoding
(k=694; g=0.36, CI = [0.28, 0.43]), regardless of reading
language. Evidence also indicated a transfer effect to reading
comprehension, with 69 effect sizes yielding a mean value
of 0.21 (CI =[0.13, 0.29]). While Verhoeven et al. (2021)
reported moderate positive effects of computer-assisted
word reading interventions across languages, a review of
digital reading interventions by McTigue et al. (2020) sug-
gested that these effects may be moderated by contextual
factors such as participant engagement and goal orientation,
underscoring the need for more nuanced evaluations that
explicitly account for such moderators and the conditions
under which digital interventions are most effective.

Beyond domain-specific interventions, other digital
approaches have been developed to target cognitive skills,
with a focus on the downstream effect of enhancing read-
ing outcomes. Because some reading deficits have been
linked to impaired attentional control (Bosse et al., 2007,
Facoetti et al., 2006; Grainger et al., 2016; Valdois et al.,
2019), implementing adaptive trainings for attention and
related areas has been hypothesized to positively impact
reading abilities (Debeer et al., 2021; Peters et al., 2019,
but see Cartwright & Palian, 2024). For example, some
research indicates that children with dyslexia who received
training using a commercial action video game experi-
enced improvements in both attentional control and reading
speed, without any detriment to reading accuracy (Fran-
ceschini et al., 2013, 2017; Franceschini & Bertoni, 2019,
but see, Luniewska et al., 2018). Other work suggested that
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training attentional control and executive functions through
a kid-friendly action-based video game can have promising
effects on reading skills in general readers, at least in Ital-
ian speaking children (Pasqualotto et al., 2022). In addition,
prior research has illustrated that training executive func-
tions, such as working memory, may also improve reading
abilities in both poor and general readers (Dahlin, 2011;
Karbach et al., 2015; Loosli et al., 2012; St Clair-Thompson
et al., 2010; Studer-Luethi et al., 2016). As reviewed by Titz
and Karbach (2014), training working memory and other
EFs improve reading skills in students of all reading levels,
yet with variations depending on students age and reading
skill level as well as the orthographic characteristics of the
reading language. In particular, the effect of domain-general
training may be strongest in more transparent orthographic
systems such as Italian, where many of these studies have
been carried.

Overall, evidence for domain-general digital training is
relatively scarce and remains a topic of debate, with most
studies focusing on poor readers and transparent languages
(Peters et al., 2019; Puccio et al., 2023). While training
executive functions can improve executive functioning,
the evidence for transfer to reading or other academic tasks
remains mixed and inconsistent (e.g., Diamond & Ling,
2016; Melby-Lervag et al., 2016).

Moreover, despite promising findings, many digital read-
ing interventions still lack a robust theoretical foundation
(Savage et al., 2013), and the literature reflects consider-
able variability in design quality and implementation. The
relative novelty and diversity of these tools has resulted in
a proliferation of studies—many of which rely on small
sample sizes, non-randomized designs, or limited follow-
up (Ostiz-Blanco et al., 2021). These challenges, however,
underscore the need for systematic syntheses to clarify what
types of digital interventions are most effective, for whom,
and under what conditions. In this context, meta-analytic
approaches can play a crucial role in organizing the existing
evidence, identifying promising directions, and highlighting
gaps that should guide future research. Indeed, to determine
whether digital tools can leverage their unique affordances
for reading intervention—as originally envisioned (Santoro
& Bishop, 2010)—it is essential to evaluate not only their
average effects but also the moderating factors that shape
their efficacy.

Study Purpose and Research Questions

This study presents two meta-analyses evaluating the effects
of digital interventions on reading skills (decoding and/or
reading comprehension) in children from early reading age
to mid-adolescence, considering separately children with
poor reading skills (including those with dyslexia) and the
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general school population. The dataset and code used to
reproduce the analyses are publicly available via our meta-
analysis app built under the Shinyapps.io (see https:/sites.g
oogle.com/view/4reviewers/home).

Primary Research Questions

® RI: What are the overall effects of digital interventions
on reading skills, across quasi-experimental and experi-
mental studies? This includes studies with at least one
control group (either active or passive). Digital-based
interventions are defined as those involving individual
interaction with software, applications, or digital plat-
forms accessed via personal computers, tablets, or gam-
ing consoles.

e R2: What is the impact of intervention type (domain-
specific vs. domain-general) on the overall effects of
intervention?

e R3: What is the impact of language characteristics (i.e.,
syllabic complexity: simple vs. complex) of the spoken
language, on overall intervention effects?

e R4: Do intervention effects differ based on reading out-
come type (decoding vs. Reading comprehension)?

This work also investigates a few other exploratory ques-
tions that have yet to be adequately addressed in the litera-
ture despite being of known importance, including training
duration, the number of tasks and skills trained, the adap-
tivity of intervention content to user performance, the type
of control intervention used, and participant characteristics
such as age and pre-training reading skills.

These objectives align with emerging hypotheses about
factors influencing reading intervention efficacy (Verhoeven
et al., 2019) and leverage the growing potential for person-
alized digital tools to support reading skill development
both within and beyond classroom settings. Importantly, the
present analyses offer an initial meta-analytic assessment of
the effectiveness of various digital intervention methods for
enhancing reading skills in both poor readers and the gen-
eral school population, thereby providing critical insights
into the most effective approaches for supporting these dis-
tinct learner groups.

Method
Literature Search
A review of the literature was carried out in accordance

with the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses—PRISMA guidelines (Page et al.,

2021) to ensure transparency and reproducibility. Specifi-
cally, PRISMA presents a flow diagram that consists of four
phases: Identification, Screening, Eligibility, and Inclusion.
Each of these steps was carried out in accordance with the
PRISMA guidelines. Figure 1 provides a detailed PRISMA
flow diagram summarizing the process, from initial data-
base searches to final study inclusion.

Search Terms and Databases

The literature search covered the period between January
2000 and December 2022 by means of the following data-
bases: Pubmed, PsycINFO, PsycARTICLES; PubPsych
(including PsyINDEX, ERIC, MEDLINE), Web of Sci-
ence, ScienceDirect, and Google Scholar. The search strat-
egy combined terms related to digital tools, intervention,
reading outcomes and learner populations (e.g., “cognitive
intervention AND reading comprehension AND children”).
Boolean strings and modifications for each database are
detailed in Supplementary Information (SI) Sect. 1 - Search
Strategy. The search was limited to papers written in one of
the following languages: English, Spanish, Italian, French,
and German due to the authors’ proficiency in these lan-
guages, but studies conducted in any alphabetic language
were included. To gather gray literature, or studies not
published in peer-reviewed journals, OpenGrey, ProQuest
Dissertations and Theses Global were queried using the
same search terms and strategy described in the SI. Authors
known to have worked on the topic were also contacted to
identify unpublished data. In addition to database queries,
the authors’ lab groups were asked for recommendations of
papers that met the inclusion criteria and may not have been
retrieved, and authors of the included papers were asked if
they had any papers that met the inclusion criteria. Finally,
the reference lists of all the documents that passed the inclu-
sion criteria were also consulted in accordance with the
snowball principle.

This initial search, combining the results of all databases
(including gray literature repositories) and languages as
well as all keyword combinations described above, yielded
8,320 results, which, after removal of duplicates, yielded a
total of 6,667 papers for initial screening (see Fig. 1). An
additional 10 papers were retrieved via non-database meth-
ods (e.g., author recommendations and reference checks).

Eligibility Criteria

Eligible studies were group-designed randomized con-
trolled trials or quasi-experimental trials (e.g., assignment
based on the school/class level) which compared the effects
of digital interventions targeting either domain-specific or
domain-general skills to at least one control group (active
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Fig. 1 PRISMA flow diagram
of systematic search and study

e
o
selection. This diagram illustrates S Records identified from search 5. | Records removed before screening
g}’lz z;t;rglflg:;\gsx?sﬁ?s % (n = 8,320) (i.e., duplicates) (n = 1,653)
ies identified through database '3
searches, screened for eligibil- I
ity, excluded at each stage with v
reasons specified, and ultimately .
included in the final analysis. Records screened (after p | Records excluded after title and
Detailed reasons for exclusions duplicates removed) (n = 6,667) abstract screening (n = 6,380)
are provided in Table S2
v Full-text records excluded (n = 234):
No reading outcomes (n = 8)
Full-text records assessed for > Non-eligible intervention (n = 89)
eligibility (n = 287) Non-eligible control group (n = 43)
Non-eligible participants (n = 38)

Other (n = 56)

Studies included in review (n = 63) | <«

Records identified from other sources
(n=10)

v

(n =55)
(k = 263)

Studies included in analysis

Effects included in analysis

Studies and effects excluded from full
» | analysis due to unavailability of data
(n =8, k=28)

[Analyzed ][ Included ][ Eligibility ] Screening

or passive; see Table S1 in the Supplementary Information
for a description of the types of controls included) on read-
ing outcomes. Papers regarding usability testing alone were
excluded, as well as literature reviews, opinion pieces, sin-
gle case interventions, observational reports, or newsletters.

Only studies that reported participants’ performance in
either decoding and/or comprehension as their dependent
variable were included. Furthermore, the studies needed to
include statistical information (sample size, mean, standard
deviation before and after intervention) to allow for effect
size calculations. When only part of this data was reported,
contact was made with the corresponding authors to obtain
the missing data. Inclusion and exclusion criteria are sum-
marized in Table 1, with detailed descriptions available in
Supplementary Information (SI) Table S1. Excluded studies
with documentation as to why they were excluded, are out-
lined in SI Table S2.

Screening

Articles were screened for eligibility by five independent
reviewers (AP, EC, CH, MM and BZ). The two master
students (MM and BZ) were involved primarily in the
first step of the screening process (i.e., title and abstract
screening). All reviewers were trained by AP to identify
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study aspects that would warrant exclusion. All stud-
ies were coded independently by two reviewers, with
discrepancies resolved through consensus. Agreement
between reviewers was high (99.5%) for full-text inclu-
sion decisions. In the cases of disagreement (n=31),
papers were discussed in group meetings with at least
three authors until consensus was reached. Beyond per-
cent agreement, no additional inter-rater reliability statis-
tics (e.g., Cohen’s kappa) were calculated, as consensus
meetings ensured thorough resolution of discrepancies
and alignment on final ratings. After titles and abstracts
were screened and were agreed to meet the inclusion cri-
teria, papers were read thoroughly to extract variables and
moderators of interest. If, after full-text screening, one
or more inclusion or exclusion criteria were not met, the
paper was then excluded from further review. The reader
is referred to Table S2 for examples of excluded studies
and their reasons. When studies met inclusion criteria,
but insufficient information was provided to extract effect
sizes, corresponding authors were identified and emailed
with a request to provide the missing information. When
the authors did not provide the requested data (8 stud-
ies), studies were excluded from effect size analysis but
retained in the counts of studies included in the review
(see Table S3 for a summary of these studies).
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Table 1 Summary of inclusion and exclusion criteria (see table S1 for

full details)

Criterion Inclusion Exclusion

Population Children aged 6-14 years, Pre-readers, non-
general and poor readers  alphabetic language
(including developmental users, children with
dyslexia). unrelated disorders

(e.g., ASD, ADHD).
Intervention Digital interventions Eye/gaze interven-

targeting reading domain- tions, hybrid (digital

specific or domain-general and non-digital),

skills (tablet, computer).  interventions on non-
native languages.

Active (non-reading No control group,

digital tasks, math activi-  both groups

ties) or passive (classroom receiving eligible

Control Group

instruction, waitlist). interventions.

Outcomes Quantitative measures Phonological
of decoding (word, non-  awareness, RAN, or
word, text) or written decoding of isolated
comprehension. letters.

Study Design RCTs and quasi-exper- Case studies, post-
imental studies with tests>1 month after
pre- and post-tests, > 10 intervention.
participants.

Limits Published 2000-2022 in ~ Non-alphabetic

English, Spanish, Italian,
French, or German.

languages, published
outside the defined
time range.
RCTrandomized controlled trial, ASDautism spectrum disorder,
ADHD attention deficit hyperactivity disorder, RANrapid automa-
tized naming

Coding Procedure

Included studies were coded for study descriptors and
moderators. Once all articles were first coded, the list
of moderators and study descriptors was further refined,
producing a final systematic coding scheme by which all
included papers were cross-checked by a minimum of two
independent authors. The studies underwent coding with
reading performance measured before and after interven-
tion being tabulated with sample sizes, means and stan-
dard deviations being extracted for effect size calculations
(primary outcome). The following characteristics were
also considered:

(i) Participant characteristics. age, gender distribution,
reading skills at baseline, qualification of participants as
poor or general readers (see SI Table S1 for description
of the criteria used to determine reader group status).

(il) Moderators: (i) Intervention Type — Domain-specific
vs. Domain-general (ii) Language characteristics (syl-
labic complexity) — Simple vs. Complex; (iii) Reading
outcome — Decoding vs. Comprehension.

(iii) Primary exploratory variables include the type of con-
trol used, categorized as active (such as non-digital

interventions or digital activities unrelated to reading or
executive functions) or passive (no contact or waitlist
controls). The intervention duration was measured in
total hours of training and the length of each session.

(iv) Secondary exploratory variables examined the type of
device used, whether a tablet, computer, or game con-
sole. Intervention scaffolding was assessed by deter-
mining whether difficulty was adaptive (automatically
or manually adjusted based on individual participant
performance), non-adaptive (progressed in a scaf-
folded manner, such as through preset levels), or fixed
(unchanged throughout the intervention). The number
of tasks within the intervention, as well as the number
of skills trained, were noted, with skills categorized as
domain-specific (such as reading) or domain-general
(such as working memory).

Study characteristics and moderators were systematically
coded using a pre-defined scheme as per PRISMA guide-
lines (see SI Table S4). There was no missing information
for the primary moderators of interest, as sufficient details
were consistently available to categorize studies along these
dimensions: (a) participant type, coded as poor readers ver-
sus general readers (with only studies explicitly reporting
a dyslexia-based inclusion criterion coded separately as
poor readers—dyslexia for descriptive purposes only); (b)
intervention type, coded as domain-general versus domain-
specific; (c¢) language characteristics, coded according to
Seymour et al.’s (2003) classification; and (d) outcome type,
coded as decoding or comprehension. Each moderator was
coded based on the descriptions provided in the original
publications. For exploratory moderators, when information
was insufficient, study authors were contacted for clarifica-
tion. If no clarification was obtained, the study was retained
in the overall analyses but coded as ‘NA’ for the relevant
variable, and therefore excluded only from analyses involv-
ing that moderator. Missing data were relatively infrequent
and did not affect the primary moderators, though they
may have reduced statistical power for some exploratory
analyses.

Quality Assessment

The methodological quality of individual studies was evalu-
ated using the Physiotherapy Evidence Database (PEDro)
scale. Although originally developed for physiotherapy and
medical trials (Maher et al., 2003; De Morton, 2009), the
PEDro scale has also been adopted in broader intervention
research because it provides a transparent, structured check-
list of methodological rigor that can be easily applied across
randomized and quasi-experimental designs (Verhoeven et
al., 2019).
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We selected the PEDro scale because its quantitative
scoring system facilitates comparability across multiple
studies, which is advantageous in meta-analysis. Alternative
tools such as the Cochrane Risk of Bias (RoB 2; Higgins et
al., 2019) or the Quality Assessment Tool for Quantitative
Studies (QATQS; Thomas et al., 2004) offer more detailed
domain-based assessments, but are less suited for deriving
summary scores that can be systematically integrated across
trials. PEDro was therefore judged to provide an appropri-
ate balance between methodological rigor and analytic fea-
sibility in the present context, although it does not directly
address aspects such as treatment fidelity or implementation
quality that are often emphasized in educational research.

Using a 0-11 scale, quality is determined by assigning
one or zero points to each of the following factors: random-
ized allocation of participants, concealed allocation of par-
ticipants, comparable baselines, blinding of participants,
therapists and assessors, completion of key outcome mea-
surements by >85% of participants, intention-to-treat analy-
sis, between-group statistical comparisons, and measures of
variability for at least one key outcome. Afterwards, studies
were divided into three groups based on the total PEDro
score (following Foley et al., 2003): high risk of bias (<3
points), medium risk (4—7), or low risk (>8).

The quality assessment was carried out by two indepen-
dent reviewers (CH and AP). Any disagreements in scoring
were resolved by consensus between the two independent
reviewers. Detailed scoring for each study is provided in SI
Tables S7 and S8.

Meta-analysis
Effect Sizes

For each included study, we quantified the difference in
performance changes from pre- to post-training between an
experimental group and a control group using a measure of
effect size and variance.

We first computed Cohen’s d using the formula for
independent groups with pre—post design (Borenstein et
al., 2009; Eq. 12.19-12.22, p. 227). Effect sizes were then
converted to Hedges’ g by applying the J correction factor,
which adjusts for positive bias in small samples and thus
provides more accurate estimates (Hedges, 1981). This
yields a standardized measure of how strongly the interven-
tion group outperformed the control group, where values
around 0.2 are typically considered small, 0.5 medium, and
0.8 large (Cohen, 1988). The formula used is given below
with the first half corresponding to Cohen’s d and the 2nd
half being the J factor to convert into Hedge’s g.
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g = (Mpost, T — Mpre,T) (1 o 3 >
SDpooled,pre 4z (NT + NC) -9
Mpre, D Mpost, r and Mpre’ o Mpost, ¢ are respectively the pre,

post mean scores of the treatment group and the pre, post
mean scores of the control group. SD,jeq, pre 18 the pooled
pre-test standard deviation, computed considering only the
pre-test standard deviation of the two groups, and Np, N¢
are the sample sizes of the treatment and control groups.
The formula for the pooled standard deviation of the pretest
and for the effect size variance (Vg) are given below.

SD _ |2 =1) x SDyre + (No —1) x SDprec
pooled,pre (Nr + N¢ —2)

_ Np+N d
V, = (2 X (1 = rpooted) X N Ncc + o (Npx NC))

2
3
x (1 T ax (NT+NC)—9)

In some studies, the standard deviation of change scores
is reported instead of the standard deviation of the pretest
and postest. In such cases, we used the following formula to
convert the pooled standard deviation of the change scores
into pooled standard deviation of pretest.

SDgify, T
\/2 X (1 - rpooled)

SDpoolcd,pre =

Estimating effect sizes and their variance with this method
requires knowledge of the pre-post correlation which is
rarely reported. To overcome this, we followed recommen-
dations from the What Works Clearinghouse (What Works
Clearinghouse Procedures Handbook, Version 4.1, 2020;
see also Morris & DeShon, 2002) and used a correlation of
0.5 between pretest and posttest. This is equivalent to the
dyper from Morris et al. (2008) which was shown to perform
better than all alternatives in terms of bias, precision, and
robustness to heterogeneity of variance, and is thus likely
to provide the most conservative estimates. In other words,
this method minimizes the risk of overstating intervention
effects while still retaining statistical accuracy.

When multiple tasks or measures were extracted, we
computed an effect size for each and modeled the depen-
dence structure between effect sizes from the same study
using correlated and hierarchical meta-analytic models
described below. This approach avoids ‘double-counting’
participants by explicitly modeling the fact that multiple
measures from the same children are more similar to each
other than to measures from different studies.
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Statistical Analysis

All analyses were conducted in R using the metafor (Viech-
tbauer & Viechtbauer, 2015) and clubSandwich (Pustejo-
vsky & Tipton, 2017) packages, as well as robumeta (Fisher
etal., 2016). Our approach combined a multilevel meta-ana-
lytic model with robust variance estimation (RVE; Hedges
et al., 2010; Tipton, 2015). A common feature of comput-
erized intervention studies is to include several pretest and
posttest measures in the same participants (e.g., decoding,
fluency, comprehension). This results in clusters of related,
non-independent effect sizes, which if treated as indepen-
dent would artificially inflate the estimation of the averaged
effect size. While it is possible to overcome this by either
randomly selecting one effect or by aggregating non-inde-
pendent effects from a given study, these approaches do not
fully exploit the available data. Here, we use robust variance
estimation to retain all available measures while properly
accounting for their statistical dependence. Because effects
are often both correlated (due to coming from the same par-
ticipants) and hierarchically organized (e.g., two reading
measures from the same child are more alike than measures
from another study), we used the correlated and hierarchical
effects model (CHE; Pustejovsky & Tipton, 2022) to model
the dependence structure of the effect size data. Because
the correlation between effect sizes from the same partici-
pants is typically unreported, we used the default value of
rho=0.8, reflecting the expectation that outcomes within the
same participants are strongly related and following stan-
dard practice in meta-analysis when empirical values are
unavailable.

We estimate standard errors and conduct hypothesis tests
using robust variance estimation (RVE) which provides more
accurate estimates than other alternative methods (e.g., chi-
square, Q-statistics or meta-regression coefficients), even in
the presence of model misspecifications. Small sample cor-
rection was applied to all tests.

For each meta-analysis, we first estimated the average
effect size using an intercept-only multivariate meta-ana-
lytic model with the restricted maximum likelihood method.
This approach provides estimates of total heterogeneity (i.e.,
between-study) and between clusters (i.e., within-study).
Sources of heterogeneity were examined by adding mod-
erators to the model and running publication bias analyses.

For moderator analyses, the intercept was removed,
and the following moderators were added: intervention
type (domain-general, domain-specific), syllabic complex-
ity (simple, complex) and outcome type (decoding, read-
ing comprehension). Contrasts between moderator levels
were evaluated using the Wald F-test and the Approximate
Hotelling’s T-squared (AHT) approach (Pustejovsky & Tip-
ton, 2018), followed by t-tests to assess the significance of

each moderator level (i.e., against zero). This was achieved
by changing the moderator of interest in the model — for
example, modeling intervention type while controlling for
the other two moderators (e.g., syllabic complexity and out-
come type), and then using a loop across each moderator.
In doing so, each moderator effect is assessed while cor-
recting for the relative frequency of the reference levels of
other moderators included in the model, thereby ensuring an
accurate estimate for the relative distribution of all modera-
tors in the present dataset.

Publication bias was assessed by testing funnel plot
asymmetry with an alternative of Egger’s Regression which
combines meta-regression with robust variance estimates
(Rodgers & Pustejovsky, 2021). Using a modified estimate
of effect-size precision, this test outperforms other meth-
ods while maintaining type I error rate in the presence of
dependent or sampled effect sizes, even when the depen-
dence structure is unknown or mis-specified. This test relies
on a modified covariate of effect size precision to Egger’s
test, estimating its slope using weighted least squared while
accounting for dependent effect sizes with the CHE model
(Pustejovksy & Tipton, 2022). This analysis was performed
both with and without moderators. While the Egger’s test
performs well at detecting the presence of bias, the intercept
does not provide an accurate estimate of the bias-adjusted
effect size. For publication-bias correction, we thus relied
on the 3-parameter selection mode (Vevea & Hedges,
1995), which provides great flexibility in estimating the
effect sizes adjusted for publication bias. However, because
the selection model methods (e.g., 3PSM) is unable to han-
dle dependent effect sizes we applied the 3PSM method via
bootstrapping. First, we randomly selected one effect size
per study and repeat this cluster bootstrapped 1000 times,
to calculate the mean effect and mean variance across the
distribution of repetitions. For completeness we report the
detection and correction for both Egger’s CHE and 3-PSM
methods. Additional analyses to detect publication bias
were conducted for comparability with previous meta-
analyses and to continue tracking publication bias as this
literature grows (e.g., Trim & Fill; Duval & Tweedie, 2000;
PET-PEESE; Stanley & Doucouliagos, 2014). These addi-
tional results are reported in the supplementary materials.

Results

Among the 63 distinct studies that fit our inclusion criteria,
55 studies were eligible for inclusion in the calculation of
effect sizes. It should be noted that one study (Szili et al.,
2022) is included in both meta-analyses due to its report-
ing of data for both Poor and General readers separately.
This data set and corresponding code under shinyapps.io
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is available at MetaAna_app on ShinyApp. For a detailed
presentation of the publication bias results and the quali-
tative analyses of risk of bias using the PEDro scale, we
direct readers to SI Sect. 3.1 and 3.2, respectively. Addition-
ally, for supplementary analyses on primary and secondary
exploratory variables, please refer to SI Sect. 3.3. Below, we
provide information on the number of effect sizes (k), clus-
ters (m), and degrees of freedom (df) for each RVE analysis
performed. Two meta-analyses were conducted, one focus-
ing on poor readers and one on general readers.

Meta-Analysis with Poor Readers

The data set of poor readers included 41 studies and k=194
effect sizes, with a mean age of 9.30 years (SD=1.68,
range=6-12.07) and a mean intervention duration of 12.7
h (SD=11.5, range=1-50). Across the 41 included studies
the sample was 40% female, with 25 studies describing poor
readers in general and 16 (38%) describing readers with an
official dyslexia diagnosis.

The multilevel robust meta-analytic model showed a
medium mean effect size (g=0.43, C1=[0.30, 0.56], p<.001,
k=194), meaning that on average poor reading children in
the digital intervention groups showed a greater improve-
ment in reading outcomes than children in the control groups
(Fig. 2). The prediction interval (PI=g= 1.96N(7 + w?)),
which gives the effect size predicted for a newly published
study with poor readers and the same eligibility inclusion as
this meta-analysis, ranges between —0.44 and 1.3. The effect
sizes of the included studies are quite heterogeneous. Spe-
cifically, heterogeneity is high between studies (w”=0.185,
0(193)=1366.71, p<.001) but not as high within-studies
(7?=0.01).

As Table 2 illustrates no publication bias was detected.
The robust Egger’s CHE test did not detect any significant
asymmetry in the funnel plot (Fig. 3), either in the intercept-
only model model (i.e., no moderators included, f =—0.01,
SE=0.60, #14.0)=—0.01, p=.10) or in the full model (§ =
—0.34, SE=0.77, #(17.0)=—0.44, p=.67); yet the bias-cor-
rected effect obtained from 3-PSM produced a significant
positive effect when applied to the intercept-only model
(g=0.51) and a positive but nonsignificant effect with the
full model (g=0.60). Additionally, visual inspection of the
funnel plot (Fig. 3) showed a largely symmetrical distribu-
tion of effect sizes across studies by precision, providing no
indication of systematic publication bias beyond the results
of Egger’s test. The SI-Sect. 3 presents a comprehensive
publication bias sensitivity analysis highlighting the diverg-
ing results obtained with distinct detection and correction
techniques, especially the PET/PEESE which is known to
provide a biased estimate (Carter et al., 2019; Stanley, 2017).
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Poor Readers - Moderators Analyses

Overall, the moderators included did not explain any of the
variance in effect sizes (—6.48% with residual heterogene-
ity=0.21 - the negative estimate of variance-accounted-for
effect size is likely due to both the population effect and
the sample size being small, while the between-study het-
erogeneity is high). We computed Approximate Hotelling’s
T-squared (AHT-F) tests to assess the effect of the primary
moderators. We discuss below each moderator separately,
reminding the reader that all moderators were included in
the model (Table 3).

Intervention Type

No significant effect of intervention type on performance
is observed (AHT-F=0.00, p=.10), due to a medium effect
size for both digital domain-specific (g=0.44, CI = [0.29,
0.59], p<.001, k=167, m=34); and digital domain-general
interventions (g=0.44, CI = [-0.17, 1.047], p=.13, k=27,
m=7). Note the large CI for domain-general interven-
tions likely due to the limited number of studies in this cell
(m=7).

Language Characteristics - Syllabic Complexity

The effect of syllabic complexity is also non-significant
(AHT-F=1.97, p=.17, k=194, m=41). A medium effect
size of syllabic complexity is observed for both simple lan-
guages (g=0.35, CI = [0.17, 0.52], p=.001, k=98, m=18)
and complex languages (g=0.54, CI1=[0.31, 0.76], p<.001,
k=96, m=23). These analyses included five alphabetic lan-
guages (English, German, Italian, Spanish, and French).
Most studies in English and German focused on decoding
and fluency outcomes, whereas those in Italian, Spanish,
and French also assessed comprehension.

Reading Outcome Characteristics

Whether reading performance was measured via decoding
or via comprehension measures led to comparable effects
(AHT-F=1.59, p=.23, k=194, m=41), even if numeri-
cally decoding (g=0.48, C1 =[0.31, 0.65], p<.001, k=151,
m=34) led to a medium effect and comprehension to a small
one (g=0.30, CI =[0.06, 0.54], p=.016, k=43, m=18).

Meta-Analysis with General Readers
The data set of general readers included 15 studies and

k=69 effect sizes, with a mean age of 9.01 years (SD=1.76,
range=6.4-12.5) and a mean intervention duration of 16.5


https://bbediou.shinyapps.io/MetaAna_app_reading/

Journal of Cognitive Enhancement (2025) 9:455-479

465

Study Estimates SMD [95% ClI]
Franceschi - 2017 4 f - = . 0.42[-0.41, 1.25]
Bertoni e - 2019 2 | { -0.15 [-1.29, 0.99]
Horne - 2017 6 D : 1.09[0.09, 2.08]
Jiménez & - 2010 4 | - | 0.52 [-0.21, 1.26]
Hughes et - 2013 2 } T i -0.06 [-1.08, 0.97]
Murphy & S - 2011 6 } = { 0.14 [-0.59, 0.87]
Bonacina e - 2015 14 } - | 0.31[-0.43, 1.04]
Jiménez et - 2007 8 pe - { 0.63 [-0.11, 1.37]
Loeb et al - 2009 12 . -0.04 [-0.62, 0.54]
Jiménez et - 2003 6 | B | { 0.28 [-0.39, 0.96]
Jiménez & - 2008 9 } - ! 0.53 [-0.26, 1.33]
Gustafson - 2011 15 P 0.46 [-0.15, 1.06]
Tressoldi - 2007 4 | = { 0.26 [-0.49, 1.00]
Solan et a - 2003 1 : } | 1.60[0.27, 2.94]
Mehringer - 2020 4 . : - | 0.34 [-0.44, 1.13]
Huemer et - 2008 4 | = BT -0.40 [-1.15, 0.35]
Konerding - 2021 1 t : | 0.30 [-0.78, 1.38]
Marzen - 2021 5 — - | 0.49 [-0.28, 1.26]
Peters et - 2021 6 : } - | 1.33[0.50, 2.15]
Bertoni et - 2021 4 | : : 0.09 [-0.94, 1.12]
Gebauer et - 2012 2 — | 0.80 [-0.25, 1.85]
Rosas et a - 2017 6 } - ] 0.13 [-0.59, 0.85]
Tijms - 2011 3 A - | 1.00[0.23, 1.78]
Hoélz - 2015 8 | i 0.61[-0.27, 1.50]
Kamykowska - 2014 2 : o} f 1.25[0.19, 2.31]
Troia & Wh - 2003 2 | : | -0.05 [-0.95, 0.85]
Karemaker - 2010 1 } | 0.23 [-1.03, 1.48]
Serrano et - 2018 1 } - | 0.15[-0.84, 1.13]
Franceschi - 2013 8 | I : 0.32 [-0.54, 1.18]
Ronimus et - 2020 8 I ! 0.03 [-0.61, 0.67]
Messer & N - 2017 1 ] - 1.26 [ 0.26, 2.26]
Niedo et a - 2014 3 } - . 0.76 [-0.35, 1.86]
Kyle et al - 2013 6 } - { 0.40 [-0.47,1.27]
Nicolson e - 2000 2 . - ! 1.11[0.18, 2.04]
Ecalle et -2013 2 — ! 1.05 [-0.24, 2.34]
Lenhard et - 2012 4 f———— 0.44 [-0.12, 1.00]
Szili et a - 2022 1 } | 1.03[0.02, 2.05]
Pasqualott - 2020 2 | - -0.22 [-1.04, 0.61]
Forne et a - 2022 8 } = | 1.18 [ 0.36, 2.01]
Nagler et - 2021 2 ; = : 0.34 [-0.38, 1.06]
Cancer et - 2022 12 b 1 | 0.47 [-0.20, 1.14]
Pooled Estimate » 0.43[0.30, 0.56]
T T T T T 1
-2 -1 0 1 2 3

Standardized Mean Difference

Fig.2 Poor readers: Forest plot of aggregated effect sizes of the impact
of computerized training on reading outcomes. Note. Each square
shows the aggregated (averaged) effect-sizes from all dependent
effects. The size of each square is proportional to the inverse variance

h (SD=17, range=2-72). Across all studies, 49% of the
sample was female.

The overall multivariate robust meta-analytic model
showed a small mean effect size (g=0.26, CI=[0.08, 0.43],
p=.01, k=69, m=15), meaning that on average children in
the digital intervention groups showed an improvement in
reading outcomes of about 1/4th of a standard deviation
as compared to children in the control group (Fig. 4). The
prediction interval (PI) indicated that for a newly published
study (with general readers and eligible for inclusion in this
meta-analysis), an effect size between —0.48 and 0.99 (i.e.,

(larger square=1lower variance). The diamond shows the overall aver-
aged estimate from the intercept-only model. Digits in the 2nd column
next to the study ID indicate the number of aggregated effects

g+1.96\V(Z+w?)) is expected. Overall, the effect sizes of
the included studies are quite heterogeneous. Specifically,
heterogeneity is high between studies (w*=0.01) but is not
as high within-studies (*=0.14; Q(68)=586.83, p <. 001).
Again, no significant publication bias was found with the
robust Egger’s test using the CHE model (see Fig. 5; Table
4), whether in the intercept-only model (i.e., no moderators
included, B=1.07, SE=0.94, #(6.52)=1.15, p=.29) or in the
full model with all primary moderators (3=1.62, SE=0.90,
#(4.74)=1.80, p=.14). Additionally, visual inspection of
the funnel plot (Fig. 5) showed a largely symmetrical
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Table 2 Poor readers: results of publication bias analysis

Method Model b CI t dfs p

Detection

Egger CHE (slope) NULL -0.022 [-1.31, 1.265] -0.037 14.0 0.971
FULL -0.350 [-1.982,1.281] —0.453 17.0 0.656

3-PSM NULL 0.772 0.533
FULL 0.525 0.599

Correction

Egger CHE (intercept) NULL 0.441 [=0.005, 0.88] 2.137 12.9 0.052
FULL 0.526 [-0.496, 1.547] 1.119 12.2 0.285

3-PSM NULL 0.506 [0.308, 0.709] 0.004
FULL 0.592 [0.249,0.951] 0.097

b is the beta coefficient (slope for detection methods or intercept for correction methods); CI is the 95% confidence interval; Stats corresponds
to the t-test for intercepts and Likelihood Ratio chi-square test for 3-PSM; dfs are the degrees of freedom; p is the p value. NULL refers to an
intercept-only model; FULL refers to the model including all moderators
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Fig. 3 Funnel plots: Each black dot represents one study included in the meta-analysis for Poor Readers

distribution of effect sizes across studies by precision, pro-
viding no indication of systematic publication bias beyond
the results of Egger’s test. Together these results suggest that
the sample of studies does not suffer from publication bias
issues. As shown in Table 3, the corrected average effects
obtained from 3-PSM were non-significant with both inter-
cept-only model (g=0.11) and the full model (g=—0.24).
Sensitivity analysis with different detection and correction
techniques are presented in SI-Sect. 3.
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Moderators Analyses

For general readers (Table 5), the moderators included
explain 11.21% of the variance in effect sizes (residual het-
erogeneity=0.13). We computed Approximate Hotelling’s
T-squared (AHT-F) tests to assess the effect of the primary
moderators. We discuss below each moderator separately,
reminding the reader that all moderators were included in
the model.
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Table 3 Poor readers: summary table of moderator effects

Moderator Level Fstat k m g CI df p

No moderator Intercept only 194 41 0.432 [0.3,0.565] 33.955 0.000

Intervention type AHT-F Test 0.00 194 41 7.352 0.997
Domain-general 27 7 0.439 [-0.17, 1.047] 5.487 0.126
Domain-specific 167 34 0.440 [0.29, 0.59] 26.870 0.000

Syllabic complexity AHT-F Test 1.97 194 41 31.546 0.174
Simple 98 18 0.345 [0.167, 0.524] 15.071 0.001
Complex 96 23 0.536 [0.309, 0.764] 19.077 0.000

Reading outcome AHT-F Test 1.59 194 41 12.457 0.231
Decoding 151 34 0.430 [0.308, 0.652] 3.446 0.000
Comprehension 43 18 0.299 [0.062, 0.536] 18.280 0.016

Each moderator summary includes the associated Approximate Hotelling’s T? test (AHT F) statistics, and by-level Hedge’s g values, in addition

to k, m, 95% CI, df (per moderator level), and associated p values for each reported statistic

Study Estimates SMD [95% CI]
Johann & K - 2019 18 I—i—l 0.04 [-0.54, 0.61]
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Hitchcock - 2017 2 } - i -0.30 [-0.96, 0.36]
Vidal-Abar - 2014 1 } 1.02 [-0.09, 2.13]
Schofl - 2016 2 I i 1.51[0.57, 2.45]
Savage et - 2009 4 r—m—1 -0.10 [-0.66, 0.46]
Kloos et a - 2019 2 : - | 0.60 [-0.06, 1.26]
Savage et - 2010 12 t | 0.24 [-0.52, 1.00]
Nunnery et - 2006 4 I—l—{ 0.27 [-0.19, 0.73]
Shannon et - 2015 5 |—-—l—| 0.37 [-0.15, 0.89]
Pasqualott - 2022 7 +—l—| 0.38 [-0.04, 0.81]
Szili et a - 2022 1 } { 0.49 [-0.30, 1.28]
Studer-Lue - 2022 1 } | 0.00 [-0.86, 0.86]
Uittert et - 2022 2 |——n—+ 0.24 [-0.35, 0.84]
Pooled Estimate P 0.26 [ 0.10, 0.42]
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Fig. 4 General readers: Forest plot of aggregated effect sizes of the variance). The diamond shows the overall averaged estimate from the
effect of digital intervention. Note. Each square shows the aggregated intercept-only model. Digits in the 2nd column next to the study ID

(averaged) effect-sizes from all dependent effects. The size of each indicate the number of aggregated effects

square is proportional to the inverse variance (larger square=lower
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Table 4 General readers: Results of publication bias analysis

Residual Value

Funnel plots: Each black dot represents one study included in the meta-analysis for General Readers

Method Model b CI t drs p

Detection

Egger CHE (slope) NULL 1.071 [-1.176,3.318] 1.144 6.52 293
FULL 1.623 [-.737,3.982] 1.798 4.73 135

3-PSM NULL 2.265 311
FULL 5.248 116

Correction

Egger CHE (intercept) NULL .020 [-.439,.48] .104 6.995 .920
FULL -.529 [-1.215,.157] —1.898 5.844 .108

3-PSM NULL .107 [-.132,.333] 481
FULL -.243 [-.401, -.084] 117

b is the beta coefficient (slope for detection methods or intercept for correction methods); CI is the 95% confidence interval; Stats corresponds
to the t-test for intercepts and Likelihood Ratio chi-square test for 3-PSM; dfsare the degrees of freedom; pis the pvalue. NULL refers to an
intercept-only model; FULL refers to the model including all moderators

Intervention Type

A significant effect of intervention type on performance
(AHT-F=7.62, p=.02) is observed, due to a greater mag-
nitude effect for digital domain-specific interventions:
(g=0.40, CI = [0.14, 0.67], p=.01, k=33, m=9) than for
digital domain-general interventions: (g=0.01, CI = [-0.23,
0.25], p=94, k=36, m=06).
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Language Characteristics — Syllabic Complexity

The effect of syllabic complexity is marginal (AHT-F=1.01,
p=.006). The low degrees of freedom (2.74) call for cautious
interpretation and the use of a more conservative threshold
of p<.01. The effect size for digital interventions was sig-
nificant for syllabically simple languages such as Italian and
Spanish (g=0.51, CI=[0.12, 0.89], p=.03, k=9, m=3 —but
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Table 5 General readers: summary table of moderator effects

Moderator Level Fstat k m g CI df )4

No moderator Intercept-only 69 15 0.256 [0.078, 0.435] 11.068 0.009

Intervention type AHT F Test 7.62 69 15 8.925 0.022
Domain-general 36 6 0.008 [-0.231, 0.247] 4815 0.936
Domain-specific 33 0.404 [0.135, 0.673] 6.505 0.010

Syllabic complexity AHT F Test 9.96 69 15 2.741 0.058
Simple 9 3 0.508 [0.124, 0.893] 1.570 0.033
Complex 60 12 0.151 [-0.042, 0.343] 8.309 0.109

Reading outcome AHT F Test 1.94 69 15 4.481 0.229
Decoding 31 8 0.305 [0.03, 0.58] 7.393 0.034
Comprehension 38 11 0.109 [-0.09, 0.308] 7.092 0.236

Each moderator summary includes the associated Approximate Hotelling’s T? test (AHT F) statistics, and by-level Hedge’s g values, in addition
to k, m, 95% CI, df (per moderator level), and associated p values for each reported statistic

note the very low m), but not for more complex languages
such as English, German, and French (g=0.15, CI =[—0.04,
0.34], p=.11, k=60, m=12).

Reading Outcome Characteristics

Effect sizes were numerically larger for decoding outcomes
(g=0.30, CI =[0.03, 0.58], p=.03, k=31, m=8) compared
to comprehension outcomes (g=0.11, CI = [-0.09, 0.31],
p=24, k=38, m=11). However, this difference between
outcome types was not significant (AHT-F=1.93, p=.23).

Effects Size Distributions with Respect To
Moderators

In both meta-analyses, the distribution of data across mod-
erator categories was uneven (Fig. 6), with some levels

A poor readers

150 4
100 4
50 4
1 2 3 4 5

Fig. 6 Poor and general readers: Distribution of effect sizes across
moderators. Note. Poor Readers - (A) Histogram of the number of
effects in each level of each moderator. B Heat map showing the num-

represented by only a few studies, limiting statistical power
and interpretability for those comparisons.

Discussion

The overarching objective of this meta-analytic work was
to comprehensively assess the impact of digital interven-
tions on reading performance, separately for poor readers
and general readers. We incorporated potential moderating
factors and publication bias as sources of heterogeneity.
This study distinguishes itself from prior reviews and
meta-analyses on childhood reading interventions in sev-
eral crucial respects. First, we show through our two sepa-
rate meta-analyses a large impact of digital interventions in
poor readers (g=0.42) and a small effect in general readers
(2=0.26). Second, this study is among the few to include

general readers

60
38
31
9
=]
3 4 5 6

ber of effects per moderator combinations. General Readers - (C) His-
togram of the number of effects in each level of each moderator (D)
Heat map showing the number of effects per moderator combinations.
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and contrast domain-specific and domain-general digital
interventions. Our findings highlight a robust impact of
domain-specific interventions, with more variable impact
from domain-general ones. Third, by considering decoding
and reading comprehension as reading outcomes separately,
our meta-analyses show a potential for impact on both out-
comes, even if numerically the magnitude of the effect for
decoding is about twice that for comprehension. Fourth,
many syntheses akin to ours have overlooked an examina-
tion of intervention effects as a function of the language
spoken, hindering the ability to draw conclusions about the
generalizability of findings from English-speaking studies
to other alphabetic languages with simpler syllabic struc-
tures (see, “Anglocentricity” issue noted in prior research;
Share, 2008). Our results suggest a nuanced pattern by
which numerically greater effects are noted in poor read-
ers when using greater syllabic complexity languages such
as English (g=0.54 vs. 0.34 for simple language) but, in
general readers when using lesser syllabic complexity lan-
guages such as Italian (g=0.15 for complex languages vs.
0.51 for simple ones). Lastly, this study implements the
stringent quality criteria for study inclusion that have been
argued for in areas of psychology, cognitive science and
educational research (Green et al., 2019; Johnson, 2021), In
addition, it also relies on recent state-of-the-art multilevel
and robust meta-analytic methods designed to handle the
presence of dependent effects, both correlated and hierarchi-
cal dependencies, which are typical of interventions studies
(Tipton et al., 2019; Tipton & Pustejovsky, 2015). In doing
so, it represents one of the most statistically robust assess-
ments of the impact of digital reading intervention one can
generate using the latest advances in meta-analytic tools.

We discuss below in more detail these two distinct ran-
dom effects meta-analyses of digital interventions and elab-
orate on the medium mean effect size for poor readers and
the small mean effect size for general readers. While each
moderator is considered separately, all moderators were
entered simultaneously in the model.

Determinants of Digital Interventions for Poor
Readers and for General Readers

Concerning domain-specific versus domain-general inter-
ventions, for poor readers, both intervention types led to
benefits (Hedges’ g 0f 0.43 and 0.44), while for general read-
ers, only domain-specific interventions yielded significant
benefits (Hedges’ g of 0.4 versus 0.01). A note of caution
is warranted regarding the latter given the very low num-
ber of contributing studies (m=6), which reduces statisti-
cal power and limits generalizability. Still, two mechanisms
may account for this pattern. First, EF are less likely to be
a limiting factor during reading acquisition in individuals
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who typically possess higher baseline cognitive and reading
skills (i.e., general readers), leaving less room for improve-
ment (a ceiling effect). Second, domain-general training
may fail to translate into reading gains unless the targeted
skills are closely aligned with reading processes—a limita-
tion reflected in broader evidence on the lack of far transfer
in working memory training (Melby-Lervég et al., 2016).
This pattern of findings likely echoes the significance of tai-
loring digital interventions to address specific reading needs.
Future efforts could combine domain-specific and domain-
general strategies adaptively, enabling personalized training
that leverages the strengths of both approaches (Harrar-
Eskinazi et al., 2022; Pasqualotto & Venuti, 2020; Verho-
even et al., 2019). Recent work by Cartwright and Palian
(2024) supports this idea, in a meta-analysis of domain-gen-
eral interventions for reading (including paper-and-pencil
as well as digital ones), they found that domain-general
interventions targeting EF that are specifically important
for reading (g+=0.64) outperform domain-general ones
(g+=0.59), likely due to better alignment between training
and transfer tasks, as suggested by Ni et al. (2023). Thus,
rather than contrasting domain-specific and domain-general
interventions as is now typically done in the field, it would
seem advisable in the future to combine them in an adapta-
tive way to permit truly personalized training of each and
every skill identified to mediate literacy acquisition, albeit
to different extent depending on readers’ profiles and the
syllabic complexity of the target language. These advance-
ments may provide critical support for reading attainment to
all children, particularly when dedicated reading interven-
tion time is scarce (Dean et al., 2021).

Concerning syllabic complexity, no statistically robust
difference between levels of linguistic complexity was
noted in poor readers. In general readers, the observed
greater effects in syllabically simpler languages (e.g., Ital-
ian, Spanish) due to the very small number of contributing
studies (m=3), which substantially limits statistical power
and the strength of inference. Across the five alphabetic lan-
guages represented (English, German, Italian, Spanish, and
French), most interventions in English and German empha-
sized decoding and fluency, whereas those in Italian, Span-
ish, and French also included comprehension outcomes.
This imbalance limits the generalizability of our findings
and underscores the need to broaden the range of languages
studied, particularly by including non-English alphabets and
non-European writing systems (Blasi et al., 2022). Nonethe-
less, the current findings align with prior work, which sug-
gests promising outcomes of digital reading interventions
in languages with simpler syllabic structures (Peters et al.,
2019).

Interestingly, no significant differences were observed
between decoding and reading comprehension outcomes,
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though decoding interventions showed numerically larger
effect sizes. This result likely reflects the prevalence of inter-
ventions targeting decoding skills, which yield near-transfer
benefits, compared to the broader demands of comprehen-
sion interventions (Klahr & Chen, 2011). Overall, the lack
of differences by outcome is promising as the goal of all
reading interventions remains reading comprehension, with
decoding being only a steppingstone toward that goal. In
future studies, the more systematic inclusion of both decod-
ing and reading comprehension as outcome measures would
be advantageous, ensuring that interventions are developed
to cater to the multifaceted nature of reading skills and
needs.

A key challenge when designing digital interventions
concerns the duration of the training. Indeed, designing a
one-hour experience is a very different design challenge
than providing tens of hours of time on task. Here, the pres-
ent work highlights the high heterogeneity of training dura-
tion. The studies examined in this analysis implemented
training durations ranging from 1 to 70 h, with a mean train-
ing duration of 12.7 h for poor readers and 16.5 h for general
readers. Most studies provided between 2 and 20 h of train-
ing (see SI Figure S7, panels A and B). This heterogeneity
mostly reflects that the precise amount of training required
to facilitate reading acquisition remains highly unclear
in the literature (see SI Figure S7 panels C and D). Such
heterogeneity highlights that the optimal training duration
likely depends on several factors: (i) the population sample,
with poor readers benefitting from shorter interventions due
to greater room for improvement compared to general read-
ers; (ii) the training content, whether domain-specific or
domain-general; and (iii) the outcome measure, with decod-
ing skills potentially requiring less time to improve than
comprehension ones, which demands broader skill inte-
gration (Snowling & Hulme, 2011). Overall, the evidence
suggests that digital interventions are most effective when
conceptualized as delivering tens of hours rather than just a
few, aligning with the observed trends across the reviewed
studies.

Overall, comparing digital interventions to traditional
paper-and-pencil approaches, our findings suggest similar
levels of efficacy, particularly for poor readers. Meta-anal-
yses of paper-and-pencil interventions targeting struggling
readers have reported medium to large effects following vari-
ous domain-specific interventions, with phonics-based inter-
ventions yielding effect sizes of g=0.32 to 0.52 (Galuschka
et al., 2014) and other more encompassing domain-specific
intervention yielding effect size of g=0.49 (Scammacca et
al., 2015). For general readers, paper-and-pencil interven-
tions tend to show smaller effects, with small to moderate
effect sizes following domain-specific interventions such
as training reading comprehension (Okkinga et al., 2018).

Thus, digital tools achieve comparable reading outcomes to
more traditional paper-and-pencil approaches while afford-
ing better adaptability and scalability of intervention.

Taken together, these findings underscore the importance
of tailoring digital reading interventions to learner profiles
and linguistic contexts. For poor readers, both domain-spe-
cific and domain-general approaches can be implemented
with confidence: explicit reading instruction remains essen-
tial (Snowling & Hulme, 2011), but programs that also
scaffold executive functions such as working memory and
attention can provide added benefit (Cartwright, 2012). In
practice, this means that shorter interventions can already
deliver meaningful gains for struggling readers, given their
larger margin for improvement, though extending training
time is likely to maximize outcomes (Scammacca et al.,
2015).

For general readers, by contrast, interventions should
prioritize domain-specific components—particularly those
that strengthen comprehension and fluency—since execu-
tive functions are less likely to represent a bottleneck once
basic decoding is established (Perfetti, 2007). Developers
and educators should also note that interventions may be
more effective in syllabically simpler languages (Peters et
al., 2019), although this remains a tentative finding in need
of replication. Finally, for this group, programs should be
designed with longer training durations (>10 h) in mind,
as shorter programs appear insufficient to produce reliable
effects in learners with smaller gaps in reading proficiency.

Study Limitations and Future Directions for Digital
Intervention

This study has several limitations that should be noted.
The first set is common to many such meta-analytic works
and concern the fact that, despite our best efforts, we were
unable to include all possible studies within our inclusion
criteria due to several general issues in the literature. First,
despite contacting authors with work published in the field
and other efforts, we were unable to collect any unpublished
effect sizes or datasets apart from dissertations and theses.
This is a notable drawback, as access to unpublished data is
critical for accurately estimating effect sizes and capturing
the full scope of the available evidence. Furthermore, data
sharing practices play an important role in supporting repli-
cability in research (Nuijten, 2019). Second, in some cases,
we were unable to retrieve sufficient methodological infor-
mation to determine the specific type of intervention used,
even after contacting the original authors (see Table S4).
Although our literature search was comprehensive—iden-
tifying studies even when technology use was not explicitly
mentioned in the title or abstract—we cannot be certain that
all eligible studies were captured. Third, it was not always
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clear whether participants had received an official diagno-
sis of developmental dyslexia or whether other comorbidi-
ties were present. In these cases, we relied on the authors’
descriptions of their samples, though we recognize that a
degree of ambiguity exists in classification practices across
studies. To address this, we coded dyslexia-specific samples
separately for descriptive purposes, but combined them with
broader poor-reader groups in the main analyses given the
limited number of dyslexia-only studies (m=16) and prob-
able overlap between groups.

Relatedly, the representation of orthographic systems
across studies was uneven. Transparent alphabetic lan-
guages (e.g., Italian, Spanish, Finnish) were relatively more
represented in studies of domain-general interventions,
whereas opaque orthographies such as English were less
common. This imbalance limits the generalizability of our
conclusions to the full range of alphabetic systems and, in
particular, to languages where decoding relies on different
phonological and orthographic demands. Future research
should therefore prioritize cross-linguistic validation across
a wider set of writing systems, including both alphabetic
and non-alphabetic scripts, to ensure that digital interven-
tions can be appropriately tailored to diverse linguistic con-
texts (Ziegler & Goswami, 2005; Daniels & Share, 2018).

Another limitation concerns the relatively small sample
sizes collected and reported in many studies, with a number
of moderator analyses relying on fewer than five contrib-
uting studies (e.g., syllabic complexity in general readers,
m=3). While we used Hedges’ g, which corrects for small-
sample bias (Hedges, 1981), such limited numbers of stud-
ies—and the resulting low degrees of freedom in the RVE
framework (often below 4)—still constrain the robustness
and generalizability of moderator-specific findings, and
may contribute to imprecise effect size estimates. This con-
trasts with paper-and-pencil interventions of reading that
have been much better powered. This may be understand-
able as digital interventions first require investing in the
design of a digital tool before testing its efficacy through
a properly designed intervention study. High-quality inter-
vention designs also require an active control group, and
thus another contrasting digital tool being either available
or developed. In the present reviewed studies, 29 studies did
include such an active digital-based control, while 26 used
only a passive, test-retest control group. Digital interven-
tions require substantial investment in both digital design as
well as in carrying out intervention studies. Yet, these two
research areas require entirely different expertise. Although
co-development between human-computer interface teams
and reading experts has been increasing at a promising pace,
the small number of participants found in existing studies so
far mean there is much room to grow, with the current work
not being necessarily representative of the entire population
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of interest (Munafo et al., 2017; Yarkoni, 2020). Hence, it
is essential for future research to dedicate the resources and
time to testing digital interventions in larger sample sizes.

Forthcoming research endeavors would also benefit from
a more exhaustive examination of intervention programs,
encompassing critical elements such as interface design,
affordances, game mechanics, scaffolding techniques and
the extent of human support integrated into these programs,
as advocated by Green et al. in 2019). While we did our
best to tabulate these different design choices, many papers
lack detailed information on the design choices of their
intervention programs (see SI Sect. 3.3). This gap is par-
ticularly relevant because much of the potential added value
of digital tools—such as adaptivity, scalability, or enhanced
engagement—depends on these very design choices. Yet,
our analyses indicate that such affordances were neither sys-
tematically reported nor consistently implemented across
the included studies. For instance, scaffolding techniques,
particularly adaptive scaffolding, might play a crucial role
in digital interventions by adjusting task difficulty based on
user performance (Mayer, 2020). Our exploratory analysis
(Figure S8) highlights the frequent use of adaptive scaffold-
ing in digital interventions for poor readers, reflecting its
importance in tailoring interventions to individual needs.
In contrast, general readers showed a lower prevalence of
adaptive approaches, with about half of the interventions
using non-adaptive scaffolding. While our exploratory cod-
ing distinguished between adaptive (m=42), non-adaptive
(m=10), and fixed-difficulty scaffolding (m=6), the lim-
ited number of studies in the non-adaptive and fixed-diffi-
culty categories precluded formal analysis of their relative
impacts. It remains possible that the lower prevalence of
adaptive scaffolding in studies with general readers con-
tributes to their comparatively weaker effect sizes, but this
hypothesis requires targeted testing in future work.

Similarly, the choice of devices—computers, tablets,
and game consoles—may influence user engagement and
accessibility, however, this remains an underexplored area
warranting systematic study. Thus, although digital and tra-
ditional interventions currently show comparable efficacy at
the outcome level, it remains that when it comes to scalabil-
ity, digital tools offer scalability advantages that paper-and-
pencil methods cannot, given their reliance on in-person
delivery.

Beyond delivery features such as design and device
choices, the diversity of targeted skills within interven-
tions reflects another critical design dimension as vari-
ety in training is believed to facilitate transfer of learning
across the different tasks reading entails (Deveau et al.,
2015). Our analysis (see Figure S9) highlights that domain-
specific interventions predominantly focus on a narrow set
of linguistic and/or reading skills, while domain-general
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interventions target a broader range of skills such as execu-
tive functions, working memory, cognitive flexibility, and
inhibitory control, either individually or in combination.
This variety underscores the flexibility of digital tools to
address a range of cognitive and reading-related skills.
However, the heterogeneity in reported skills and tasks
underscores the need for better standardization and report-
ing to enable more precise evaluations of the key design
choices in intervention efficacy.

Such efforts will not only improve our understanding of
what makes digital interventions effective but also provide
actionable insights for optimizing their design and implemen-
tation in diverse educational, clinical, and home settings.

Conclusions

In summary, this meta-analytic work underscores the effec-
tiveness of digital interventions in enhancing reading skills,
addressing both poor readers, including those with dyslexia,
and the general school population. Advancing educational
equity and fostering inclusive learning requires overcoming
the limitations of traditional approaches, such as reliance on
specialized operators, lengthy durations, and limited adapt-
ability (Denton et al., 2003; Vaughn & Fuchs, 2003). Per-
sonalized, scalable, and technology-enhanced interventions
offer promising solutions to address diverse linguistic and
educational needs.

Our findings resonate with the recent optimism expressed
by intervention researchers regarding the growing adoption
of digital interventions, which began with a few studies in
the early 2000s and gained sustained momentum after 2015
(Jamshidifarsani et al., 2019; Ostiz-Blanco et al., 2021;
Peters et al., 2019). However, they also underscore persis-
tent concerns about the limited number of high-quality stud-
ies that clearly link interventions to meaningful outcomes
for children. To advance the field, there is an urgent need
for rigorously designed studies that systematically examine
the intersections of the moderating characteristics identified
in this review. Given the resource-intensive nature of such
work, now is a critical moment to establish international con-
sortia dedicated to intervention research, extending beyond
the scope of cross-national assessment alone. Building on
the collaborative models of PIRLS (Mullis & Martin, 2019),
PISA, and the Haskins Global Literacy Hub, such consor-
tia should adopt shared protocols, open data practices, and
harmonized reporting standards across languages and edu-
cational systems. By fostering coordinated, cross-linguistic
research efforts, the field can generate robust evidence to
inform the design of equitable, scalable, and effective digital
reading interventions that serve diverse learners worldwide.
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