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The Effects of Educational Technology 
Interventions on Literacy in Elementary School:  

A Meta-Analysis

Rebecca D. Silverman
Kristin Keane

Elena Darling-Hammond
Stanford University

Saurabh Khanna
University of Amsterdam

Educational technology is ubiquitous, and educational technology interven-
tions often target literacy. However, there is insufficient information about 
the effects of these interventions on literacy outcomes in elementary school. 
Therefore, we conducted a systematic review and meta-analysis of quasi-
experimental and experimental studies published between 2010 and 2023 
that evaluated the effects of educational technology interventions on the lit-
eracy outcomes of K–5 students. The meta-analysis across 119 studies from 
105 manuscripts revealed positive effects for decoding (0.33), language com-
prehension (0.30), reading comprehension (0.23), and writing proficiency 
(0.81). However, when isolating effects for standardized measures, effects for 
decoding (0.23), language comprehension (0.12), reading comprehension 
(0.14), and writing proficiency (0.34) were reduced. Moderator analyses sug-
gested that effects can depend on outcome, intervention, and participant 
characteristics. In the discussion, we describe and contextualize findings and 
call for more research to further unpack moderator effects. We also discuss 
possible implications for practice and policy.

Keywords:	 educational technology, literacy, elementary school

Investment in educational technology has grown exponentially over the past 
few decades (Corcoran, 2021; HolonIQ, 2020), and educational technology is 
becoming ever more present in classrooms across the United States and interna-
tionally (Escueta et al., 2020; Vega & Robb, 2019). For example, in a recent poll 
by Gallup (2019), 87% of the pre-kindergarten through 12th-grade U.S. public 
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school teachers surveyed indicated that they use educational technology to sup-
port student learning every day or a few days a week. In the same poll, 81% of 
teachers agreed there is value in using educational technology tools for teaching, 
but 73% of them noted that there is insufficient information about the effective-
ness of these tools for supporting student learning. In fact, according to the inter-
national Organization for Economic Cooperation and Development (OECD; 
2022, 2023), there is a critical need for up-to-date information on the effective-
ness of educational technology to inform practitioners and policymakers world-
wide who are making decisions about using educational technology interventions 
to improve learning across contexts.

Early literacy is an area in which educational technology interventions have 
proliferated (Common Sense Education, 2018), which makes sense given the inte-
gral role of early literacy to later success in school and beyond (International 
Literacy Association [ILA], 2015; National Institute of Child Health and Human 
Development [NICHD], 2010). To inform practice and policy and to guide future 
research on supporting early literacy, there is a need for current information on the 
effectiveness of educational technology interventions that target literacy skills in 
elementary school, an important period in education with a major focus on liter-
acy development (National Governors Association Center for Best Practices & 
Council of Chief State School Officers [NGA & CCSSO], 2010). A seminal meta-
analysis by Cheung and Slavin (2012) that examined the effects of educational 
technology interventions on K–12 reading achievement was published over a 
decade ago (Cheung & Slavin, 2012). Since then, the state of educational technol-
ogy use has evolved. There is wider access to devices, the internet, and interactive 
educational tools and applications than ever before (Rideout & Robb, 2020). 
There have been several meta-analyses since Cheung and Slavin (2012) published 
their study (e.g., Takacs et al., 2015; Vanbecelaere et al., 2023; Xu et al., 2019), 
but none of them focuses specifically on elementary school and investigates a 
range of educational technology interventions across literacy outcomes. The pres-
ent meta-analysis that reviews studies since 2010 is intended to meet this need. 
Below we review relevant theoretical background and previous research to con-
textualize our study.

Theoretical Background

The benefit of educational technology to student learning has been debated 
for decades (Dede, 2008). On one hand, educational technology could enhance 
learning by providing information through multiple modalities (Baddeley, 
1992; Paivio, 1986) and offering increased opportunities for actively engaging 
in learning (Mayer, 2009; Wittrock, 1989). On the other hand, given humans’ 
limited capacity to process large amounts and different types of information—
much less to engage with it—educational technology could deter learning 
(Baddeley, 1992; Chandler & Sweller, 1991). Further, while some theorists 
have seen educational technology as just another vehicle to deliver instruction 
(R. E. Clark, 1994), others have seen educational technology as having an 
actual impact on learning (Kozma, 1994). In this view, the technology and the 
educational approach manifested through or embedded within that technology 
are inextricably linked.
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Accordingly, Dede (2008) indicates that educational technologies may be 
informed by different pedagogical approaches (e.g., behaviorist, cognitivist, and 
constructivist). For example, educational technology that focuses on factual 
knowledge using direct instruction, repeated practice, and immediate evaluation 
and error correction would align with a behaviorist approach; educational tech-
nology that focuses on strategies to organize and process information effectively 
and efficiently would align with a cognitive approach; and educational technol-
ogy that offers open-ended experiences and resources to facilitate independent or 
collaborative knowledge generation would align with a constructivist approach. 
Dede (2008) suggests that educational technologies that embody these pedagogi-
cal perspectives may be more or less appropriate for different instructional goals 
and objectives. Beyond pedagogy, others have proposed particular features 
included in some educational technology interventions that may support learning. 
For example, Bahari (2021) proposes that computer-mediated feedback can sup-
port language learning; Bernacki et  al. (2021) suggest that personalization or 
adaptivity can improve academic performance; and Tobias et al. (2014) contend 
that gamification, which facilitates motivation and engagement, can facilitate 
learning of specific knowledge and skills. In alignment with Dede (2008), Mayer 
(2009) suggests that such features may be more or less important depending on 
the knowledge and skills addressed or assessed.

Extending these theories to early literacy, it could be that specific educational 
technology interventions or the pedagogy and features embedded in them could 
be more or less effective depending on the early literacy knowledge and skills 
under consideration. Though many models have been proposed and evaluated, a 
long-standing, empirically based model of reading is the Simple View (e.g., Florit 
et al., 2022; Gough & Tunmer, 1986), which proposes that the two primary com-
ponents of reading comprehension are decoding and language comprehension. 
Although other factors are also important (e.g., executive functioning and motiva-
tion or engagement), there is consensus among researchers that decoding and lan-
guage comprehension are both critical for reading comprehension across 
languages (Duke & Cartwright, 2021; Florit & Cain, 2011; Kim, 2020). In the 
original conception of the Simple View, decoding is defined as the ability to read 
words quickly and accurately (Gough & Tunmer, 1986), and decoding-related 
skills include phonological awareness, phonics, and fluency. Language compre-
hension is defined as the ability to understand language (Gough & Tunmer, 1986), 
and related skills include vocabulary knowledge, syntactic awareness, and infer-
encing ability. Ultimately, decoding and language comprehension skills are each 
necessary but insufficient as both are needed for reading comprehension (Snow & 
Matthews, 2016). Relatedly, the Simple View of Writing suggests that similar 
skills are needed for writing proficiency (Juel et al., 1986). Specifically, encoding 
(i.e., spelling) involves many of the same underlying skills as decoding and ide-
ation (i.e., using language to create and communicate ideas) involves many of the 
same underlying skills as language comprehension. As with reading, other skills 
(e.g., handwriting or typing skills, executive functioning, motivation or engage-
ment) are needed (Berninger et al., 2017; De La Paz & Butler, 2018), but research 
is clear that skills related to decoding and language comprehension are as critical 
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to writing proficiency as they are to reading comprehension (Kim & Graham, 
2022).

Research suggests that the relative importance of instruction targeting decod-
ing (i.e., code-focused instruction) or language comprehension (i.e., meaning-
focused instruction) depends on what students need, and instruction to address 
these different aspects of reading comprehension and writing proficiency may 
require different instructional approaches (e.g., Bailey et al., 2020; Connor et al., 
2011; Graham et al., 2012). For example, research suggests that direct instruction, 
which is behaviorally oriented, is effective for facilitating code-focused skills; 
and that strategy instruction, which is cognitively oriented, is effective for sup-
porting meaning-focused skills (e.g., Suggate, 2016). Furthermore, research sug-
gests that specific features of instruction (e.g., feedback) may be more important 
for students from particular populations (e.g., students with disabilities [Spear-
Swerling, 2019] or English language learners [Zhang, 2022]). By extension, it 
could be that educational technology interventions have different effects depend-
ing on which aspects of reading and writing are targeted, which pedagogical 
approach or technology-based features are incorporated, or which populations of 
students are participating in the intervention. Thus, the present meta-analysis 
examines the effects of educational technology interventions across different lit-
eracy-related outcomes and examines whether intervention characteristics, such 
as the pedagogical orientation or technology-based features it includes, or partici-
pant characteristics moderate effects.

Previous Research

This study builds on previous meta-analyses on the effects of educational tech-
nology to support academic achievement. Kulik et al. (1985) published one of the 
first meta-analyses that suggested that educational technology interventions could 
have positive effects on language or reading outcomes in elementary school. The 
authors identified seven studies of computer-assisted instruction (CAI) that 
included language or reading outcomes and determined the average effect (Glass’s 
Delta) across studies to be 0.42. Advances in educational technology and research 
from 1980 to 2010 were staggering. Thus, the 2012 meta-analysis by Cheung and 
Slavin that focused on studies conducted during those years was timely. These 
authors reviewed studies conducted across K–12 contexts to determine the effects 
of educational technology applications on reading outcomes, and they reported 
effects for kindergarten, elementary (i.e., Grades 1–6), and secondary students 
separately. Cheung and Slavin (2012) reviewed studies with a wide range of edu-
cational technologies such as computers, multimedia, or interactive whiteboards, 
but they only included experimental studies that lasted at least 12 weeks with at 
least two teachers per condition (i.e., treatment and control) and that included 
quantitative measures of general reading performance such as standardized tests. 
They excluded studies with other measures of reading-related skills such as pho-
nemic awareness, vocabulary, and writing if there was no measure of general 
reading performance. Cheung and Slavin (2012) identified 84 studies and calcu-
lated effect sizes (ES) using the difference in posttest scores, adjusted for pretest 
scores and other covariates, divided by the unadjusted posttest pooled standard 
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deviation. Their analysis revealed positive effects of educational technology 
applications, compared to traditional approaches (ES = 0.16).

Cheung and Slavin (2012) hypothesized that educational technology interven-
tions may be differentially effective depending on intervention characteristics. 
They examined characteristics related to what Slavin (1995) termed the QAIT 
model, which suggested that the effectiveness of educational technology interven-
tions may depend on four factors: quality, appropriate level, incentives, and time. 
They found what they termed “a marginally significant between-group effect” 
(p ≤ .10) suggesting differences by intervention type (e.g., computer-managed 
learning systems, supplemental programs, comprehensive programs, and innova-
tive technology applications). The authors also reported “marginally significant” 
differences (p ≤ .10) by intensity (i.e., > or <75 minutes per week) and signifi-
cant differences (p ≤ .05) by implementation level, which captured quality of 
implementation. The authors call for “further research .  .  . to determine how spe-
cific technology applications and specific teaching methods contribute to reading 
outcomes” (p. 212).

Cheung and Slavin (2012) also examined whether effects differed by partici-
pant characteristics. They found significant differences (p = .01) in effects across 
kindergarten (k = 8, ES = 0.15), elementary (k = 59, ES = 0.10), and secondary 
(k = 18, ES = 0.31) students, suggesting differences by grade range that may relate 
to how reading and writing change over time (Kim, 2023). Across K–12, they 
found “marginally significant” differences by ability level and significant differ-
ences by race, English language learner status, and socioeconomic status within 
studies. They did not find differences by gender or socioeconomic status across 
studies. In addition, Cheung and Slavin (2012) found significant differences 
depending on study design features (e.g., whether studies were published or 
unpublished and whether studies included a quasi-experimental design [QED] or 
randomized control trial [RCT]).

Educational technology has evolved rapidly since 2010, the last year included 
in Cheung and Slavin’s (2012) literature search. There have been several meta-
analyses published since 2012, but none of them focuses specifically on elemen-
tary school and investigates a range of educational technology interventions 
across literacy outcomes. Some of these meta-analyses have been focused on par-
ticular types of educational technology interventions. For example, Takacs et al. 
(2015) conducted a meta-analysis examining the effects of technology-enhanced 
storybooks (i.e., electronic books or e-books). In their review of studies with pre-
school and elementary-age children (i.e., through Grade 6), results showed posi-
tive effects (Hedges’ g) on decoding-related skills (0.16), story comprehension 
(0.17), expressive vocabulary (0.20), and engagement and child-initiated com-
munication during reading (0.26), but not receptive vocabulary (–0.08), suggest-
ing that effects of technology-based interventions may differ according to the 
aspect of reading or writing under investigation. Moderator analyses suggested 
that multimedia features like animated pictures and sound effects were beneficial, 
but interactive elements like games, hotspots, pop-up questions, and clickable 
definitions were detrimental, particularly for students identified by the authors as 
“disadvantaged,” suggesting that the effect of educational technology interven-
tions may differ by specific features and particular populations. Interestingly, the 
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conclusion that interactivity in general and gamification in particular could be 
associated with negative effects runs counter to findings from other systematic 
reviews. For example, T. Thomas et  al. (2013), studying effects of computer-
assisted instruction in elementary through higher education contexts, found posi-
tive effects associated with interactive versus didactic pedagogy; and D. B. Clark 
et al. (2016), reviewing studies on digital games in K–16 settings, found positive 
effects of gamification across domains (e.g., literacy, science, math).

In another meta-analysis that examined a particular type of educational tech-
nology intervention, Xu et  al. (2019) focused on intelligent tutoring systems 
(ITSS), computer programs that provide students with targeted support and feed-
back. Reviewing studies conducted across K-12, Xu et al. (2019) found that ITSS 
had positive effects (Hedge’s g) on reading comprehension when compared to 
traditional classroom instruction (0.60) and traditional tutoring (0.20). 
Unexpectedly, the authors found that ITSS that were strong in intensity (>75 min-
utes per week) and long in duration (>3 months) yielded a smaller ES (0.26) than 
programs that were weak in intensity and short in duration (0.78), suggesting that 
effects of educational technology interventions may differ according to intensity 
or duration. However, this difference faded when controlling for whether out-
comes were from researcher-developed or standardized measures, indicating that 
findings may differ by the types of measures under study. Though not included in 
their meta-analysis, Xu et al. (2019) coded interventions for the inclusion of mod-
eling, prediction, feedback, adaptivity, or scaffolding. In their discussion, Xu 
et al. (2019) suggest that further examination of whether effects differ according 
to these features is warranted. In fact, Major et al. (2021) conducted a meta-anal-
ysis focused on technology-enabled personalization that included adaptivity and 
feedback and found that, across studies conducted with 6- to 15-year-olds in low- 
and middle-income counties, greater personalization was related to higher math 
and literacy outcomes with a standardized ES of 0.18.

Other meta-analyses have focused on specific populations of students. For 
example, Lee et al. (2020) conducted a meta-analysis on the effects of technol-
ogy-integrated instruction, compared to traditional instruction, for English lan-
guage learners in K–12 classroom settings. These authors found positive effects 
(ES = 0.47) on literacy outcomes. Weng et al. (2014) implemented a meta-analysis 
on the effects of what they called cognitive-skills based computer assisted instruc-
tion for PK–12 students with disabilities. These authors found a positive weighted 
average effect (0.35) for group-comparison design studies across outcomes (e.g., 
decoding, language comprehension, math), though results were not disaggregated 
by the outcome. Shamir and Korat (2015) published a review of studies of the 
effects of electronic storybooks on emergent literacy outcomes for kindergarten 
students they referred to as “at-risk for reading difficulties,” which included stu-
dents with disabilities and students from low socioeconomic backgrounds. 
Though the review was not a meta-analysis per se, the authors found positive 
effects on emergent literacy outcomes for both groups of children. These publica-
tions add to the evidence that the effects of educational technology interventions 
on literacy outcomes may depend on participant characteristics.

Recently, Vanbecelaere et al. (2023) examined the effects of a range of digital 
interventions for early reading and examined intervention and participant 
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characteristics, but these authors only included studies that were focused on 
decoding. These authors explicitly excluded studies in which 50% or more of the 
intervention content targeted spelling, reading comprehension, or writing. 
Synthesizing effects across 72 studies with participants from 3 to 12 years old, 
Vanbecelaere et al. (2023) found that, compared to traditional teaching methods, 
digital technology interventions had a positive effect (Hedge’s g = 0.37) and that 
this effect did not depend on whether outcomes were cognitive or noncognitive, 
near or far transfer, or immediate or delayed. Additionally, these authors found 
that effects did not differ by intervention characteristics such as the duration of the 
intervention, the type of technology used, or whether gamification or adaptation 
was included. Additionally, though Savva et al. (2022) found that adult mediation 
facilitated language and literacy in a study on the effects of electronic storybooks 
with students in PK–2 and Archer et al. (2014) found that teacher training and 
support led to greater effects in a tertiary meta-analysis on the effectiveness of 
information communication technology (ICT) interventions in K–12 settings, 
Vanbecelaere et al. (2023) found that whether the teacher was actively involved 
and whether the teacher received coaching did not moderate effects. Furthermore, 
counter to Takacs et al. (2015), the effects did not depend on the socioeconomic 
status of the participants. Importantly, though, effects differed according to the 
mean age of participants such that studies with older children tended to have 
smaller effects than those with younger children.

While the meta-analysis of Vanbecelaere et al. (2023) comes close to meeting 
the need for an up-to-date meta-analysis focused on the effects of educational 
technology interventions across literacy outcomes in elementary school, it misses 
the mark because it does not disaggregate results for pre-kindergarten and ele-
mentary school and because it does not include studies focused on other aspects 
of literacy besides decoding. Given that literacy is a critical focus area in elemen-
tary school that includes decoding, language comprehension, reading comprehen-
sion, and writing (NGA & CCSSO, 2010), an up-to-date meta-analysis on the 
effects of various educational technology interventions that (a) focuses specifi-
cally on interventions implemented with elementary age or grade students; (b) 
examines effects across literacy-related outcomes; and (c) explores outcome, 
intervention, and participant characteristics as potential moderators of effects is 
warranted.

The Present Study

Building on the theory and research discussed above, we set out to conduct a 
meta-analysis of recent research conducted with elementary age or grade students 
to answer the following questions: (a) What are the effects of educational technol-
ogy interventions on literacy-related outcomes including decoding, language 
comprehension, reading comprehension, and writing proficiency? (b) Do the 
effects differ depending on outcome, intervention, or participant characteristics? 
Though not central to our research questions, we also planned to examine whether 
effects differ by study design characteristics. For outcome characteristics, as in 
Xu et al. (2019) and Vanbecelaere et al. (2023), we intended to explore whether 
effects differed across literacy-related outcomes for proximal and distal researcher-
developed and standardized measures. For intervention characteristics, we 
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examined differences by (a) pedagogical orientation as in T. Thomas et al. (2013); 
(b) features including gamification, adaptation, or feedback as in D. B. Clark et al. 
(2016), Major et al. (2021), and Takacs et al. (2015); (c) the type of technology, 
whether the intervention included non-technology-based instruction, and whether 
teacher training was included as in Vanbecelaere et al. (2023); and (d) interven-
tion duration as in Xu et al. (2019). For participant characteristics, we explored 
grade range as in Cheung and Slavin (2012) and whether the studies included 
children from low socioeconomic backgrounds, children who were learning in a 
second or other language (L2+) from their primary language, and/or children 
with disabilities as in Shamir and Korat (2015), Lee et al. (2020), and Weng et al. 
(2014). For design characteristics, following Cheung and Slavin (2012) who 
found that effects depended on whether a study was quasi-experimental or ran-
domized, though Takacs et al. (2015) and Vanbecelaere et al. (2023) did not, we 
explored differences by design type; and, following Xu et al. (2019) who found 
that effects depended on whether the comparison group could be characterized as 
business as usual or an alternative intervention, we analyzed differences by type 
of comparison group. In this meta-analysis, we followed guidelines established by 
Cooper et al. (2009) to identify studies; we used methods proposed by Lipsey and 
Wilson (2001) for data analysis; and we used recommendations by Alexander 
(2020) and Pigott and Polanin (2020) to guide our reporting.

Methods

Literature Search and Study Selection Criteria

First, we conducted a systematic search using the ProQuest ERIC and 
PsychINFO databases, the EBSCO Academic Search Premier database, and the 
Web of Science Core Collection. These databases include a wide range of social 
science journals and are highly relevant to the topic of educational technology. 
Additionally, we searched the ProQuest Dissertations and Theses Global database 
and conducted a manual search of the tables of contents of 15 journals across 
education and technology. We limited our search to peer-reviewed articles and 
dissertations published in English between 2010 and 2023. See Appendix A in 
Supplemental Materials, in the online version of the journal, for search terms and 
dates; and refer to Appendix B in Supplemental Materials, in the online version of 
the journal, for a list of manually-searched journals.

As shown in Figure 1, we engaged in a two-stage screening process. In the first 
stage, the first three authors reviewed titles and abstracts and excluded records if 
it was clear that the studies described in the records did not meet one of the fol-
lowing criteria: (a) the study includes educational technology; (b) the study 
focuses on supporting literacy; (c) the study includes literacy outcomes; (d) the 
study investigates an intervention (not an assessment) applicable in school set-
tings; (e) the study involves K–5 students or children ages 5 to 11; and (f) the 
study uses a quasi-experimental or experimental design. If we could not tell from 
the title and abstract if a study should be excluded, we advanced the record to the 
second stage of the screening process. For the first stage of the screening process, 
we coscreened 20% of the corpus with 91.7% agreement. Discrepancies were 



980

discussed and adjudicated as a group. We screened the remainder of the records 
individually.

For the second stage, we refined the criteria above and reviewed full manu-
scripts, excluding any studies that did not meet all of the following criteria:

1.	 The study evaluates an intervention involving educational technology. We 
included interventions with e-books, online games, computer programs, 
or videos accessed via a computer, mobile phone, tablet, interactive white-
board, or other electronic device. We included studies that investigated 
educational technology interventions with or without additional instruc-
tional support, but we excluded studies that used educational technology 
only for professional development and coaching of teachers (i.e., students 
did not use the technology).

2.	 The study includes an educational technology intervention focused on 
supporting literacy. We excluded studies that focused only on supporting 
general cognitive skills (e.g., working memory), handwriting or typing, or 
other content areas.

3.	 The study includes quantitative literacy measures and presents pre- and 
posttest means and standard deviations by condition OR sufficient infor-
mation to be able to extract or calculate effect sizes and standard errors. 
We included studies with measures that assess decoding-related skills 
(i.e., phonological awareness, phonics, spelling, fluency), language com-
prehension-focused skills (i.e., vocabulary, listening comprehension, oral 

Figure 1.  Literature search flow diagram.
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language), reading comprehension, or writing proficiency. Note that, 
based on Takacs et al. (2015) and considering the reciprocal relationship 
between motivation or engagement and literacy (Hebbecker et al., 2019), 
we originally set out to investigate effects on motivation or engagement in 
addition to decoding and language comprehension skills. However, we 
found few studies with motivation or engagement outcomes. Therefore, 
we dropped these outcomes from our analyses. We will return to this deci-
sion in the discussion. We excluded studies in which the only outcome was 
from an informal reading inventory given the questionable reliability and 
validity of this type of measure (e.g., Klingbeil et al., 2015; D. Thomas & 
Dyches, 2019).

4.	 The study includes an educational technology intervention with multiple 
(>1) sessions that could be applied in a school-based setting (e.g., school, 
after school, summer school). We excluded studies with only one session 
because we wanted to focus on ongoing interventions relevant to school-
based settings. However, we did not have a hypothesis about the minimum 
number of sessions, so we included any studies with more than one 
session.

5.	 The study focuses on students in K–5 or children ages 5 to 11. If the study 
included other grades or ages, at least 70% of the participants in the study 
had to be in K–5 or ages 5 to 11.

6.	 The study uses a between-subjects quasi-experimental or experimental 
design with at least one treatment and one comparison or control group. 
We included only studies in which the comparison or control group did not 
include educational technology or the educational technology included 
was not focused on literacy. If students were nested within teachers, class-
rooms, or schools, there had to be at least two teachers, classrooms, or 
schools per condition in the study to avoid confounding of treatment with 
teacher, classroom, or school effects. We excluded studies in which the 
level of assignment to condition was inconsistent (e.g., in some cases 
schools were assigned to condition and in some cases classrooms within a 
school were assigned to condition). We also excluded studies if the treat-
ment and control groups were from different populations (e.g., students 
with and without disabilities).

At this stage, we coscreened all of the manuscripts with 92.3% agreement and 
adjudicated discrepancies as a group. See Appendix C in the Supplemental 
Materials, in the online version of the journal, for examples of studies that were 
excluded based on the criteria noted above.

Coding Procedures

For each manuscript, we recorded the overall sample size as well as the size of 
the sample by condition and coded studies for the outcome, intervention, partici-
pant, and design characteristics described below. If information was not available, 
we contacted the author(s) to obtain missing information. All manuscripts were 
double coded with 94.3% agreement, and all discrepancies were resolved through 
deliberation.
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Outcome Characteristics
We coded for whether studies included measures of decoding, language compre-

hension, reading comprehension, or writing proficiency. We classified measures of 
phonological awareness, word identification, oral reading fluency, and spelling as 
measures of decoding; and we classified measures of vocabulary, listening compre-
hension, or oral expression as measures of language comprehension. We also coded 
for whether measures were standardized or researcher-designed. We defined stan-
dardized measures, using guidelines from the Institute of Education Sciences, as 
measures that are administered uniformly, following established administration and 
scoring procedures, and have evidence of reliability and validity across studies 
(What Works Clearinghouse, 2022). We further categorized researcher-developed 
measures as proximal or distal. These terms have been used in various ways across 
studies, but, in this study, we defined proximal measures as measures that capture 
what was taught in the intervention (e.g., being able to decode or determine the 
meaning of a word explicitly taught in the intervention), and we defined distal mea-
sures as measures that assess taught skills or strategies through untaught content or 
context (e.g., being able to decode a word not specifically taught in the intervention 
or being able to figure out the meaning of a word not explicitly covered in the inter-
vention). For example, in one study, participants were given “two lists of trained 
word material” to read aloud (Görgen et al., 2020, p. 6), and we coded that measure 
as proximal. In another study, participants were given “items that required a transfer 
of syntactic-morphological rules that were not explicitly included” in the interven-
tion (Ritterfeld & Luke, 2021, p. 65), and we coded that measure as distal. Note that 
effects associated with proximal measures should be viewed with skepticism. As 
indicated in the What Works Clearinghouse (2022) Procedures and Standards 
Handbook, Version 5.0., “When outcome measures are closely aligned with or tai-
lored to the intervention condition, the study findings may not be an accurate indica-
tion of the effect of the intervention (p. 27).” In Appendix D in the Supplemental 
Materials, in the online version of the journal, we provide examples of how we 
categorized measures across literacy-related outcomes. We also coded for whether 
studies included engagement or motivation outcome measures, whether studies 
included a delayed posttest to follow up on whether effects were sustained over 
time, and whether the outcome measures were administered in English or in another 
language, though we did not use these codes in our moderation analyses.

Intervention Characteristics
We categorized the educational technology interventions by the learning theory 

that they seemed to embody: (a) behavioral (i.e., focused on factual knowledge 
using direct instruction, repeated practice, and corrective feedback), (b) cognitive 
(i.e., focused on strategies to organize and process information), or (c) constructiv-
ist (i.e., focused on providing open-ended experiences and resources to support 
knowledge generation). Note that while some educational technology interven-
tions included more than one pedagogical approach, we decided to classify each 
study according to the approach that was most predominant. Furthermore, we 
coded for specific features of the educational technology intervention including 
gamification, adaptivity, and feedback. We coded an intervention as including 
gamification if there were games that conferred points, badges, or other rewards 
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for completing or doing well on specific tasks; we coded it as adaptive if it tailored 
the level of difficulty or challenge based on assessment or performance; and we 
coded it as including feedback if there was some form of communication to users 
that indicated whether responses were correct or incorrect or provided suggestions 
for improvement. We took a conservative approach to coding for these variables. If 
studies explicitly stated that there was some form of adaptivity, gamification, or 
feedback, we coded “yes” for these features. It could be that some of the educa-
tional technology interventions included these features, but they are coded as “no” 
in our dataset because this was not explicit in the manuscript. Additionally, we 
coded for whether the technology could be classified as computer-assisted instruc-
tion, including intelligent tutoring systems, an e-book, or some other type of edu-
cational technology (e.g., interactive whiteboard), whether the technology was 
used by itself or in conjunction with other non-technology-based instruction, and 
whether or not the authors indicated that teacher training was provided. We also 
estimated the amount of time users participated in the intervention. This was chal-
lenging because in some cases authors provided information on the amount of time 
the researchers intended for the students to participate in the educational technol-
ogy intervention, in other cases authors provided the exact amount of time students 
actually participated or a range across students, and in still other cases authors were 
vague when discussing duration (e.g., 12 weeks). We tried to infer the average 
number of hours in each study based on the information provided, but we know 
this data is not precise or consistent across studies.

Participant Characteristics
Given findings about differences by grade or age (Cheung & Slavin, 2012; 

Vanbecelaere et al., 2023), we coded for and investigated differences by grade 
level bands (i.e., K–2 [or ages 5–7] or 3–5 [or ages 8–11]) for analyses. In addi-
tion, we coded for whether the study included children from specific subgroups: 
(a) children from low socioeconomic backgrounds, (b) children who were learn-
ing in a second or other language (L2+) from their primary language, and/or (c) 
children with disabilities. Specifically, we determined whether at least 33% of the 
sample in a study was from the particular subgroup in question. Though this was 
an arbitrary decision, it was intended to ensure that there were substantial num-
bers of the given subgroup in the study. Unfortunately, in many studies, it was 
hard to determine whether children from particular subgroups were included or 
the exact number of children or the percentage of the sample from those sub-
groups. Therefore, it could be that some of the studies included participants from 
these populations, but they are coded as not including them in our dataset. Very 
few studies disaggregated results for specific populations. Therefore, findings 
related to whether these populations were included should be interpreted cau-
tiously. Though not a focus of analyses, we also coded for whether the study was 
conducted in the United States or internationally.

Design Characteristics
We coded for whether studies used an RCT or a QED. We also noted whether 

the control or comparison condition(s) were business as usual (BAU) or an alter-
native treatment (ALT).
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Analytic Procedures

For analyses, we created a database of the studies in our corpus that included 
information needed to derive effect sizes by domain (i.e., decoding, language 
comprehension, reading comprehension, and writing), type of measure (i.e., 
researcher-developed proximal or distal or standardized), and condition (e.g., 
treatment or control). We also included in this database categorical variables cor-
responding to our codes for study characteristics. To calculate effect sizes across 
studies, we used Hedge’s g with the following small sample bias correction: 1 – 
(3/[4{nT + nC} – 9]) (where nT and nC refer to treatment and control group sizes, 
respectively) (Hedges, 1982).1 For studies that included sample sizes, means, and 
standard deviations for pretest and posttest, we calculated the standardized mean 
change using raw score standardization (Becker, 1988). In other words, we calcu-
lated the effect sizes as the mean pre–post change in the control group subtracted 
from the mean pre–post change in the treatment group, divided by the pooled 
pretest standard deviation (Becker, 1988; Morris, 2000). If baseline equivalence 
was established within a particular domain (e.g., decoding), we included posttest 
only measures within that domain and calculated the standardized mean differ-
ence (i.e., the difference between the treatment and control group means divided 
by the pooled standard deviation) (Hedges, 1981). In some studies, the authors did 
not report full information on pretest and posttest means and standard deviations 
by condition, but they included sufficient information to be able to extract or cal-
culate effect sizes and standard errors. For these studies, we used information 
from reported effect sizes and standard errors (e.g., Cohen’s d, Hedges’ g, Glass’Δ) 
or calculated effect sizes using other available test statistics, such as F-statistics 
reported with analyses of variance. For studies that used a hierarchical design 
with clustering at the classroom or school level, we first calculated student-level 
statistics to generate effect sizes and effect size variances.2 We then corrected 
effect size variances (EV) using a design effect adjustment (i.e., 
EVcorrected = EVoriginal × [1 + {average cluster size – 1} × ICC]) assuming an intra-
class correlation coefficient (ICC) of .175, a midpoint of ICCs between .10 and 
.25 typically reported in educational research (Graham et  al., 2020; Hedges & 
Hedberg, 2007; Heo et al., 2010; Kish, 1965; Särndal et al., 2003).3 Note that, in 
many cases, the researchers use a different method for deriving effect sizes; thus, 
the effect sizes we report may differ from those in the source studies. See 
Supplemental Materials Appendix E, in the online version of the journal, for more 
information.

When studies included multiple results for a type of measure within a domain, 
we aggregated effect sizes. Including each result when there are multiple results 
for a type of measure within a domain would violate the assumption of indepen-
dence and lead to spurious heavier weights being assigned to studies with multiple 
results. While other meta-analyses have tackled this challenge by either selecting 
a single effect size from those available or by using simple unweighted means for 
aggregation to the study level, we followed Borenstein (2009) and simultaneously 
aggregated all within-study effect sizes for a type of measure within a domain 
while taking into account the correlations among the within-study results. We also 
conducted sensitivity analyses for these within-study correlations (r = .2–.8) 
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before assigning one effect size for each type of measure within each domain 
(Borenstein, 2009; Wampold et al., 1997). After obtaining a single effect size for 
each type of measure within each domain, we synthesized effect sizes based on a 
random-effects model and estimated model parameters using the restricted maxi-
mum likelihood (REML) estimator. One key advantage of REML over other esti-
mation methods (e.g., maximum likelihood estimation) is that it tends to provide 
less biased estimates of the variance components, especially when there is signifi-
cant heterogeneity among studies or there are few studies in the analysis (Langan 
et al., 2019).

Once effects were determined, we examined the heterogeneity of effect sizes 
and conducted moderator analyses for outcomes that had high heterogeneity 
(Higgins & Green, 2022). In order to avoid identification of spurious moderators 
through Type I error, we chose moderators based on theory and previous meta-
analyses as discussed above. Moderator analyses were conducted via mixed-
effects modeling, where we used random-effects meta-regressions to model 
moderating effects. Meta-regression results form an intuitive analogy to the fam-
ily of linear regression models, as the slope in meta-regressions can be interpreted 
as the change in standardized mean difference when the moderating variable 
changes by one unit, controlling for other predictors (Thompson & Higgins, 
2002). In addition to investigating each moderator individually, we ran meta-
regressions with multiple moderators for each outcome. Many of the potential 
moderators under investigation in this study are related. Therefore, we carefully 
chose moderators to include in meta-regression analyses with multiple predictors 
to avoid substantial confounding. Datasets and analytic code are available on the 
Open Science Framework website.

Results

The literature search and study selection process yielded 14,187 peer-reviewed 
articles and 731 dissertations for a total of 14,900 records. We excluded 14,259 
records in the first stage and 536 in the second stage of the screening process. We 
identified a total of 105 manuscripts (101 peer-reviewed articles and 4 disserta-
tions) meeting the inclusion criteria. Fourteen manuscripts included more than 
one study or sample. For example, L. V. Lysenko and Abrami (2014) report on 
two studies that were conducted in different academic years, and Wijekumar et al. 
(2019) report on one study with separate analyses for students in Grades 4 and 5. 
When two samples were examined separately, we considered each analysis as a 
separate study. Thus, the 105 manuscripts yielded a total of 119 studies. References 
for all included studies are provided in Appendix F in the Supplemental Materials 
in the online version of the journal.

Descriptive Information on Included Studies

Tables S1 through S3 in the Supplemental Materials that appear in the online 
version of the journal provide descriptive information for each of the 119 studies 
included in the meta-analyses.
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Outcome Characteristics
Outcomes were coded by domain (i.e., decoding, language comprehension, 

reading comprehension, and writing) and type of measure (i.e., researcher-devel-
oped proximal or distal or standardized). While some studies (k = 51) contributed 
an effect size for only one type of measure within only one domain (e.g., Bos et al. 
[2016] contributed one effect size that was from a standardized measure of read-
ing comprehension), other studies (k = 68) contributed multiple effect sizes within 
and across domains (e.g., Fogarty et al. [2020] contributed effect sizes towards the 
analyses of researcher-developed proximal decoding measures, researcher-devel-
oped proximal language comprehension measures, standardized language com-
prehension measures, researcher-developed distal reading comprehension 
measures, and standardized reading comprehension measures). Across the corpus 
of studies, there were 221 outcomes. Decoding outcomes (k = 86) were more fre-
quent than language comprehension outcomes (k = 64), and reading comprehen-
sion outcomes (k = 65) were more frequent than writing proficiency outcomes 
(k = 6). There was a higher prevalence of distal researcher-developed measures 
(k = 29) compared to proximal researcher-developed measures for decoding 
(k = 12), but there was higher prevalence of proximal researcher-developed mea-
sures (k = 29) compared to distal researcher-developed measures (k = 7) for lan-
guage comprehension. No studies included proximal researcher-developed 
measures of reading comprehension or writing proficiency. Though not a focus of 
analyses, only 10 studies included a motivation or engagement measure, and only 
19 studies included follow-up assessment. Roughly a third (k = 39) of the studies 
in the corpus included outcome assessments that were administered in a language 
other than English (e.g., Hebrew, German, Spanish, Turkish). Given that the 
Simple View of Reading, which we used to theoretically ground this study, has 
been validated across languages (e.g., Florit et al., 2022; Kim & Park, 2019; Peng 
et al., 2021; Sparks, 2021), we determined that there was no need to separate out 
these studies in analyses.

Intervention Characteristics
The educational technology interventions across studies were more commonly 

aligned with behavioral (k = 50) or cognitivist (k = 58) pedagogy than with con-
structivist pedagogy (k = 11). Many interventions included gamification (k = 49), 
adaptivity (k = 39), or feedback (k = 88). One study included one treatment with 
gamification and one without (Boggio et al., 2023), and one study included one 
treatment with adaptation and one without (Solheim et  al., 2018). There were 
more interventions with additional non-technology-based instruction (k = 64) than 
without this instruction (k = 53). Two studies included two treatments and com-
pared effects with and without technology (Connor et al., 2019; Segal-Drori et al., 
2010). Most interventions could be characterized as providing computer-assisted 
instruction (k = 98), while relatively fewer included e-books (k = 7) or other tech-
nologies (k = 14). Over half of the studies (k = 68) mentioned that teacher training 
was included. The average number of hours spent using the educational technolo-
gies across studies was 21.68 (SD = 23.62), though that number varied widely 
from less than one hour of intervention to as many as 120 hours of intervention. 
The distribution for duration was negatively skewed so we determined not to 
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include duration as a continuous variable in analyses. Instead, we grouped studies 
by terciles to represent whether interventions were relatively short (<8 hours), 
medium (8–22 hours), or long (>22 hours).

Participant Characteristics
Roughly half of the studies (k = 52) included participants in K–2 or ages 5 to 8 

and the other half (k = 56) included participants in Grades 3 to 5 or ages 8 to 11. 
(Note that some studies [k = 11] included students in K–2 and 3–5). In 44 studies, 
at least one-third of the sample had a low socioeconomic background; in 28 stud-
ies, at least one-third of the sample was L2+; and in 17 studies, at least one-third 
of the sample was identified as having a disability. Though not a substantive focus 
in this study, we found that over half (60%) of the studies in the corpus were con-
ducted outside of the United States (e.g., in Canada, China, Finland, India, Turkey, 
and Zambia).

Design Characteristics
In this corpus of studies, 84 studies were RCT rather than QED studies, and 92 

included a business-as-usual control group rather than an alternative treatment.

Effects of Educational Technology Interventions on Literacy-Related Outcomes

The 119 studies in this meta-analysis yielded 730 individual effect sizes. 
Aggregation within each study and outcome (decoding, language comprehension, 
reading comprehension, and writing proficiency) resulted in 221 effect sizes used. 
Table 1 shows effect sizes (g) across literacy outcomes. See Figures F1 through 
F4 in the Supplemental Materials, in the online version of the journal, for forest 
plots for each outcome. For decoding, the average effect was g = 0.33 (k = 86, 95% 
confidence interval [CI] [0.24, 0.43], p < .01). For language comprehension, the 
average effect was g = 0.30 (k = 64, 95% CI [0.21, 0.39], p < .01). The average 
effect for reading comprehension was g = 0.23 (k = 65, 95% CI [0.16, 0.30], 
p < .01), and the average effect for writing proficiency was g = 0.81 (k = 6, 95% 
confidence interval [CI] [0.40, 1.23], p < .01). Each of these outcomes showed 
significant heterogeneity: Q (85) = 234.46, p < .01, I2 = 75.65 for decoding; Q 
(63) = 160.62, p < .01, I2 = 68.66 for language comprehension; Q (65) = 209.63, 
p < .01, I2 = 69.82 for reading comprehension; and Q (5) = 11.27, p < .05, I2 = 56.36 
for writing proficiency.

Effects by Outcome, Intervention, Participant, or Design Characteristics

Given the limited number of studies with writing outcomes, we did not analyze 
the full set of potential moderators for this outcome. We examined only outcome 
type and found differences in effects on distal researcher-developed measures 
(g = 1.05, k = 4, 95% CI [0.58, 1.51], p < .01) and standardized measures (g = 0.34, 
k = 2, 95% CI [–0.12, 0.80], p < .01)). A pairwise comparison suggested this dif-
ference was significant (Δg = 0.38, p < .05). For the other outcomes, we examined 
differences by outcome characteristics in two ways. First, as seen in Table 1, we 
executed separate meta-regressions for each outcome by measurement type.4 In 
this analysis, we found the effects of proximal, distal, and standardized measures 
to be g = 0.39 (k = 12), g = 0.49 (k = 29), and g = 0.23 (k = 45) for decoding; and 
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g = 0.58 (k = 29), g = 0.21 (k = 7), and g = 0.12 (k = 28) for language comprehension. 
For reading comprehension, there were no researcher-developed proximal mea-
sures; effects for distal and standardized measures were g = 0.37 (k = 20) and 
g = 0.14 (k = 45), respectively. Next, we conducted meta-regression analyses 
across the outcome types. See Table 2. Pairwise comparisons suggested no sig-
nificant differences for decoding, but significant differences between proximal 
and distal (Δg = 0.34, p < .01) and proximal and standardized (Δg = 0.42, p < .01) 

Table 3

Estimates from meta-regression models with multiple moderators

Decoding
Language  

Comprehension
Reading  

Comprehension

Intercept –.09 –.24* .21

.15 .11 .13

Outcome characteristics

  Type RD proximal .26 .50**  

.17 .09  

RD distal .27* .21* .20**

.11 .10 .07

Standardized  

Intervention characteristics

  Pedagogy Cognitivist –.20 .13 –.06

  .15 .07 .09

Constructivist .17 .44**  

  .23 .13  

Behaviorist  

  Duration Medium .20 .26** –.01

  .12 .09 .12

High .44** .27* .10

  .15 .11 .14

Low  

  Tech use Tech plus .05 –.06 –.15

  .14 .07 .08

Tech only  

Participant Characteristics

Grade level K–2 .09 .04 .00

  .11 .07 .08

3–5  

Low SES Yes .24* .06 .04

  .11 .07 .07

No  

df 76 54 57

Tau squared .10 .01 .02

Tau squared SE .03 .01 .01

Akaike information criterion (AIC) 117.07 49.05 46.14

Bayesian information criterion (BIC) 142.71 7.93 64.52

Note. Standard errors in parentheses.
* p < .05, ** p < .01.
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measures for language comprehension. (There was no difference between distal 
and standardized measures for language comprehension.) For reading compre-
hension, the effect for distal measures was significantly higher than for standard-
ized measures (Δg = 0.22, p < .01).

As shown in Table 2, we found few significant differences associated with 
intervention characteristics across outcomes. For decoding, we found a signifi-
cant difference between interventions of high and low duration (Δg = 0.23, p = .04) 
and between studies that did or did not include substantial numbers of students 
from a low socioeconomic background (Δg = 0.26, p = .02). For language compre-
hension, we found significant differences by pedagogical orientation, technology 
type, technology use (i.e., whether technology was used alone or with additional 
instruction) and feedback. Interventions that were constructivist in orientation 
were associated with higher effects than those that were behavioral in orientation 
(Δg = 0.52, p < .01); interventions with e-books were associated with higher 
effects than those with computer-assisted instruction (Δg = 0.66, p < .01); and 
interventions that included non-technology-based instruction (Δg = –0.18, p < .05) 
and feedback (Δg = –0.18, p < .05) were associated with lower effects than inter-
ventions without non-technology-based instruction and feedback. For reading 
comprehension, we found significant differences by technology use. Interventions 
that included non-technology-based instruction (Δg = –0.16, p < .05) were associ-
ated with lower effects than interventions without non-technology based instruc-
tion. We did not find significant differences associated with the design 
characteristics under investigation.

In addition to examining each potential moderator individually, we selected a 
few variables to include in multiple moderator analyses. Specifically, we included 
the type of measure, pedagogical orientation, duration, technology use, and socio-
economic status, which were significant in at least one of the individual meta-
regression analyses noted above. Given the finding in Vanbecelaere et al. (2023) 
suggesting that effects were associated with age, we also included grade level in 
the multiple moderator analyses. See Table 3. To avoid confounding with peda-
gogical orientation, we did not include technology type and feedback in the mul-
tiple moderator analyses even though these variables were significant in some of 
the individual moderator analyses above. For decoding, there was a significant 
difference between distal and standardized measures (Δg = 0.27, p < .01), high 
and low duration interventions (Δg = 0.44, p < .01), and interventions conducted 
with substantial numbers of students from low socioeconomic backgrounds 
(Δg = 0.24, p < .01). For language comprehension, there was a significant differ-
ence between proximal and standardized measures (Δg = 0.50, p < .01) and distal 
and standardized measures (Δg = 0.21, p < .01). There were also differences 
between constructivist and behavioral interventions (Δg = 0.44, p < .01), medium 
and low duration interventions (Δg = 0.26, p < .01), and high and low duration 
interventions (Δg = 0.27, p < .01). For reading comprehension, there was a signifi-
cant difference between distal and standardized measures (Δg = 0.20, p < .01).

Bias and Sensitivity Analyses

To determine the robustness of our findings, we examined the possibility of 
publication and sample size bias in our corpus of studies. Studies reporting strong 
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effects are more likely to be published, and studies with small samples are at 
greater risk of producing statistically nonsignificant results and, therefore, not 
being published. For each outcome—decoding, language comprehension, reading 
comprehension, and writing proficiency—we plotted all independent effects, 
residualized for variance attributable to measurement type (researcher-developed 
proximal versus researcher-developed distal versus standardized). A visual analy-
sis of the funnel plots in Figures S5 through S8 in the Supplemental Materials, in 
the online version of the journal, shows that most estimates lie within prediction 
limits on the basis of sampling error. We considered the effects of studies that 
showed larger positive effects and lower effect size variances than expected on 
overall effect sizes using sensitivity analyses involving resynthesizing effect sizes 
after winsorizing such outliers and found the effects robust to these changes. 
Further, we conducted a p-curve analysis that addressed any biases induced by 
p-hacking (Simonsohn et al., 2014). (We excluded the writing proficiency out-
come since there were too few studies to have a meaningful p-curve.) As can be 
seen in Figures S9 through S11 in the Supplemental Materials, the p-curves for 
each construct show a significant right skew and pass the evidential value test, 
suggesting the presence of true intervention effects for each construct under con-
sideration. Finally, we conducted three sets of sensitivity analyses to verify the 
robustness of our synthesized effect sizes. First, we resynthesized effect sizes by 
excluding studies with QED designs since selection bias is more likely in QEDs 
compared to RCTs. Second, we winsorized effect sizes to reduce the effects of 
outliers, and then resynthesized effect sizes. Third, we resynthesized effect sizes 
using a correlated effects metaregression model that allows for varying levels of 
dependence between effect sizes. Table S4 in the Supplemental Materials shows 
that effect sizes and statistical significance across approaches mirror the trends 
outlined above.

Discussion

As educational technology tools to support literacy flood the market, policy-
makers and practitioners need information on effectiveness, and developers and 
researchers need information on promising methods and gaps to fill. Building on 
previous meta-analyses (e.g., Cheung & Slavin, 2012; Kulik et  al., 1985; 
Vanbecelaere et al., 2023), this study presents findings from a meta-analysis of 
studies on the effects of educational technology interventions on literacy-related 
outcomes in elementary school. The study focuses on research conducted since 
2010, a period in which there has been rapid growth in the educational technology 
sector (Fittes, 2022; HolonIQ, 2020; Vega & Robb, 2019). The study makes a 
unique contribution by examining effects and potential moderators of effects 
across decoding, language comprehension, reading comprehension, and writing 
outcomes for students at the elementary age or grade level. Below we describe 
and contextualize our findings and suggest future directions.

Effects on Literacy-Related Outcomes

Results from the present meta-analysis suggest that educational technology 
interventions have positive effects across decoding (k = 86, g = 0.33), language 
comprehension (k = 64, g = 0.30), reading comprehension (k = 65, g = 0.23), and 
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writing proficiency (k = 6, g = 0.81) in elementary school. Using benchmarks from 
Kraft (2020),5 these are medium to large effect sizes that compare favorably to 
effect sizes across studies of educational interventions. For example, in one meta-
analysis, Gersten et al. (2020) found that the mean effect size of reading interven-
tions across reading outcomes for students in Grades 1 to 3 was 0.39 (Hedge’s g). 
These authors also found that effect sizes differed for decoding (0.41) and reading 
comprehension (0.32) outcomes. In another meta-analysis, Neitzel et al. (2022) 
found that the average effect size (standardized mean difference) of reading pro-
grams across standardized measures of reading achievement for students they 
described as “struggling readers” in elementary school was 0.23. These authors 
also found differences for decoding (0.28) and reading comprehension (0.14). 
Interestingly, these authors found that the effect size for technology-supported 
adaptive instruction was only 0.09, which was nonsignificant. However, in a 
meta-analysis of language comprehension-focused interventions on researcher-
developed and standardized measures in elementary school by Silverman et al. 
(2020), the average effect across interventions on reading comprehension was 
0.19 (Hedge’s g), and technology-mediated interventions tended to have greater 
effects than non-technology-mediated interventions.

Differences across meta-analyses make comparisons fraught, but the effects 
found in the present study are consistent with prior meta-analyses that suggest that 
educational technology interventions can have positive effects on elementary 
school age students’ literacy (e.g., Cheung & Slavin, 2012; Kulik et al., 1985; Lee 
et al., 2020; Takacs et al., 2015; Vanbecelaere et al., 2023). Importantly, whereas 
previous meta-analyses showed positive effects for specific aspects of literacy 
(e.g., Vanbecelaere et al., 2023), particular types of educational technology inter-
ventions (e.g., Takacs et al., 2015), or specific populations of students (e.g. Lee 
et al., 2020), the present meta-analysis examined effects across literacy outcomes, 
types of educational technology, and student populations. These results suggest 
that investment in educational technology to support literacy is warranted (Fittes, 
2022; HolonIQ, 2020), and the prevalence of educational technology in schools is 
justified (Gray & Lewis, 2021; Vega & Robb, 2019).

Considering the corpus of studies located and reviewed for this meta-analysis 
yields a few noteworthy observations about the state of research on the effects of 
educational technology interventions on literacy-related outcomes in elementary 
school. First, there were relatively fewer studies that included language compre-
hension outcomes and reading comprehension outcomes than studies that included 
decoding outcomes, suggesting that more research may be needed on these other 
critical aspects of reading. Second, there were only a few studies with writing 
proficiency outcomes (k = 6). Writing proficiency is essential for academic suc-
cess throughout school (Graham & Perin, 2007); therefore, much more research 
on educational technology interventions with writing proficiency outcomes is 
needed. Though there were few studies with writing proficiency outcomes, the 
average effect across these studies is impressive. Future research could build on 
studies in this meta-analysis that showed positive effects of a digital storytelling 
approach (Sarıca & Usluel, 2016), a computer-based graphic organizer and self-
regulation strategy intervention (Boykin et al., 2019), and a digital writing work-
shop model (Aktaş & Akyol, 2020). Third, few studies included motivation or 
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engagement outcomes (k = 10) and few studies included follow-up assessment 
(k = 19). Given the reciprocal relationship between motivation or engagement and 
literacy (Hebbecker et al., 2019), future research should examine direct effects of 
educational technology interventions on motivation and engagement outcomes 
and consider indirect effects on literacy outcomes through motivation and engage-
ment outcomes. Furthermore, since effects of educational technology interven-
tions could fade over time (Bailey et  al. 2020), more studies with follow-up 
assessments (e.g., months or even years after the end of the intervention) are 
needed to determine whether effects associated with educational technology inter-
ventions are lasting.

Importantly, analyses revealed wide heterogeneity across studies with decod-
ing, language comprehension, reading comprehension, and writing proficiency 
outcomes, suggesting that different educational technology interventions yield 
different effects on these outcomes. Therefore, we conducted moderator analyses 
to examine whether effects depended on particular characteristics indicated by 
theory and previous research. Findings from moderator analyses focused on out-
come, intervention, and participant characteristics are discussed below. (Given 
the limited number of studies with writing proficiency outcomes and the rela-
tively limited heterogeneity across these studies, we focused only on outcome 
characteristics for that domain.)

Effects by Outcome Characteristics

Similar to Xu et al. (2019) but counter to Vanbecelaere et al. (2023), effects on 
decoding, language comprehension, and reading comprehension differed by how 
the outcomes were measured. In general, effects on standardized measures were 
lower than for researcher-developed measures across outcomes. For language 
comprehension, effects on proximal measures, many of which assessed knowl-
edge of specific vocabulary words taught in the intervention, were significantly 
higher than effects for distal and standardized measures. As indicated earlier, 
effect sizes from researcher-developed proximal measures, which we defined as 
measures that capture what was taught in the intervention, should be viewed with 
skepticism because they may inflate effect sizes by “teaching to the test,” particu-
larly when the content is not taught in the control or comparison condition 
(Marulis & Neuman, 2013).

For decoding, language comprehension, reading comprehension, and writing 
proficiency, effects on distal measures were significantly higher than effects for 
standardized measures. Researcher-developed distal measures, which we defined 
as measures that assess taught skills or strategies through untaught content or 
context, are useful in research because they typically capture skills outside of the 
specifically taught content in a way that is sensitive to incremental change over 
shorter periods of time. However, effects on such measures may not reflect the 
same level of impact as effects on standardized measures, which are typically 
designed to measure change over the course of an entire academic year or devel-
opmental stage. Looking across outcomes, while the effects for distal measures 
for decoding, language comprehension, and reading comprehension and the effect 
for standardized measures of decoding and writing would be considered large, 
according to Kraft (2020), the effect size for standardized measures of language 
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comprehension and reading comprehension would be considered medium. In 
other words, the effects on standardized measures of language comprehension and 
reading comprehension are relatively modest.

As previously discussed, reading comprehension is considered the product of 
decoding and language comprehension (Gough & Tunmer, 1986). According to 
Paris (2005), while decoding is considered constrained in that it encompasses a 
narrow set of skills (e.g., in English students learn 26 letters and 44 phonemes that 
map onto those letters) and can typically be acquired within a relatively con-
densed developmental window (e.g., kindergarten through 3rd grade), language 
comprehension skills are considered unconstrained in that the set of skills included 
is not bound (e.g., there are hundreds of thousands of words in the English lan-
guage) and develop across the lifespan (e.g., vocabulary knowledge develops well 
beyond elementary school in adolescence and adulthood). The unconstrained 
nature of language comprehension makes it particularly challenging to teach 
(Snow & Matthews, 2016). Nevertheless, while decoding is highly predictive of 
reading comprehension in lower elementary school, language comprehension 
becomes increasingly important as students become more fluent with decoding 
and students begin to tackle more complex text across content areas on their own 
in upper elementary school and into secondary school (Catts et al., 2005; Foorman 
et al., 2018). Thus, the language comprehension skills that underly reading com-
prehension should be supported throughout elementary school (Snow & Matthews, 
2016).

Given the relatively smaller effect on standardized measures of language com-
prehension and reading comprehension found in this study, policymakers and 
educators should have realistic expectations of what effects currently available 
educational technology interventions may have on standardized measures in these 
domains. Additionally, researchers and developers should consider how to opti-
mize educational technology interventions to better support generalized language 
comprehension and reading comprehension skills for elementary school students. 
Educational technology interventions may need to go beyond focusing on teach-
ing students a limited set of words, as in Korat (2010), which had the largest effect 
on researcher-developed proximal measures for language comprehension, and 
instead support students in developing and applying strategies for broad meaning-
making, as in L. Lysenko et al. (2019), which had the largest effect on standard-
ized language comprehension measures. Also, the strategy-based approach used 
in intelligent tutoring interventions had large effects on reading comprehension 
across studies (e.g., Wijekumar et al., 2013, 2018, 2019) and may provide a useful 
model for interventions targeting language comprehension as well.

Effects by Intervention Characteristics

Guided by theory and research, we identified particular intervention character-
istics to examine as potential moderators of effects of educational technology 
interventions on literacy-related outcomes. Specifically, we examined effects by 
the pedagogical orientation of the intervention; whether the intervention included 
features such as gamification, adaptation, or feedback; the type of technology 
included in the intervention; whether the intervention included non-technology-
based instruction; and whether the intervention included teacher training. 
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Remarkably, none of these characteristics moderated effects on reading compre-
hension, and there were few indications that these characteristics moderated 
effects for decoding and language comprehension. However, several descriptive 
observations and a few findings from inferential analyses call for discussion.

Descriptively, more studies of educational technology interventions that 
included decoding outcomes were aligned with a behavioral pedagogical orienta-
tion (k = 60) than a cognitivist (k = 20) or constructivist (k = 6) pedagogical orienta-
tion. Though effects for these pedagogical orientations were not statistically 
different for decoding, the prevalence of educational technology interventions 
that included decoding outcomes with a behavioral pedagogical orientation aligns 
with non-technology-based research that suggests that constrained skills such as 
phonics are best taught through explicit and systematic instruction (Al Otaiba 
et al., 2019; Petscher et al., 2020). Notably, several interventions with large effects 
on standardized measures of decoding skills are behaviorally-oriented. These 
interventions include the Headsprout Early Reading (HER) intervention (Storey 
et al., 2020; Tyler et al., 2015) and an intervention called GraphoGame (Saine 
et al., 2011). These programs focus heavily on phonics through direct instruction, 
repeated practice, and corrective feedback. By the same measure, more studies of 
educational technology interventions that included reading comprehension out-
comes were aligned with a cognitive pedagogical orientation (k = 45) than a 
behavioral (k = 20) or constructivist (k = 0) pedagogical orientation, and the preva-
lence of educational technology interventions that included reading comprehen-
sion outcomes with a cognitive pedagogical orientation aligns with 
non-technology-based research that suggests that reading comprehension may be 
best taught through a strategy-based approach (Suggate, 2016). This approach is 
evident in the numerous studies of ITSS by Wijekumar et al. (e.g., Wijekumar 
et al., 2013, 2018, 2019) that focus on using text structure-related strategies to 
support comprehension.

For language comprehension, results from the meta-analysis showed that edu-
cational technology programs aligned with a constructivist approach were more 
effective than those aligned with a behaviorist approach, suggesting that educa-
tional technology interventions that use the behaviorist approach may be less 
effective for supporting language comprehension. (Note that this finding was 
found in both the individual and multiple meta-regression analyses.) This finding 
is likely related to another finding from the meta-analysis that indicated that, for 
language comprehension, educational technology interventions with e-books 
were more effective than those using computer-assisted instruction. In this study, 
since they provide open-ended experiences and resources to support learning, 
most interventions with e-books were classified as constructivist and five of the 
eight studies with language comprehension outcomes that were categorized as 
constructivist included e-books. (One intervention that included e-books and 
embedded learning strategies instruction was classified as cognitive [i.e., Connor 
et al., 2019].) This finding is consistent with previous meta-analyses (e.g., Savva 
et  al., 2022; Takacs et  al., 2015; Zucker et  al., 2009) that have found positive 
effects of e-books on language comprehension-related skills.

In the present meta-analysis, examples of interventions with language compre-
hension outcomes that were categorized as constructivist and having e-books 
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include studies by Korat (2010) and Korat et al. (2017). These interventions, with 
large effect sizes (i.e., above 1.00) on researcher-developed proximal measures, 
included digital texts with visual and auditory support that students could use to 
facilitate meaning-making. Importantly, though, these studies did not include 
standardized measures for this outcome. Interestingly, three studies with the larg-
est effects (i.e., ≥0.20) on standardized measures of language comprehension 
were all categorized as cognitive in orientation. These studies evaluated a pro-
gram called ABRACADABRA (an acronym that stands for A Balanced Reading 
Approach for Canadians [now, Children] Designed to Achieve Best Results for 
All) (Abrami et al., 2016 [0.27]; L. Lysenko et al., 2019 [0.53]; Lysenko & Abrami 
(2014) [0.21]), which focuses on decoding as well as language and comprehen-
sion strategies such as using context clues to figure out word and text meaning 
and includes scaffolds to support receptive and expressive language development. 
Note, however, that most studies with standardized measures of language compre-
hension, including those referenced above, had effect sizes with confidence inter-
vals that included negative values. Only one study (Alvarez-Marinelli et  al., 
2014), which evaluated a Computer Assisted Language Learning (CALL) pro-
gram that was classified as cognitive in orientation because it included language 
and comprehension-building strategies (e.g., question-answer strategies), had an 
effect size with a confidence interval that did not include 0 (g = 0.21, 95% CI 
[0.03, 0.47]).

These results suggest that, as proposed by Dede (2008), different educational 
technology interventions that align with different pedagogical approaches may be 
more or less effective depending on the intended outcome. In this meta-analysis, 
we found few studies that compared multiple interventions within the same sam-
ple and context, and the interventions in these studies were typically similar peda-
gogically. (For example, Ecalle et  al. [2013] examined two different types of 
computer-assisted instruction that were both cognitively oriented.) To guide poli-
cymakers and educators seeking to fund or adopt educational technology inter-
ventions, research comparing programs with different pedagogical orientations 
within the same sample and context is needed. Furthermore, interventions that we 
classified as having similar pedagogies were often very different (e.g., consider 
the ABRACADABRA and the CALL programs mentioned above). Therefore, we 
looked beyond pedagogy to specific features of educational technology interven-
tions that could, theoretically, drive differences across programs.

Specifically, we examined whether gamification, adaptation, or feedback mod-
erated effects. There was no evidence for these features as moderators of effects 
on decoding or reading comprehension. However, feedback was negatively asso-
ciated with effects on language comprehension. Gamification and adaptation 
were also negatively associated with effects on language comprehension, though 
these relationships were not statistically significant. Considering previous meta-
analyses that suggest educational technology interventions with feedback, adap-
tivity, and gamification promote learning (D. B. Clark et al., 2016; Major et al., 
2021), we were surprised that these features were not positively and significantly 
associated with the outcomes we studied. However, Takacs et al. (2015) found 
that interactive features, including games, hotspots, pop-up questions, and click-
able definitions, negatively affected vocabulary and comprehension in their 
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meta-analysis of electronic storybook interventions implemented with preschool 
and elementary-age children. Takacs et al. (2015) suggest that interactive features 
may be distracting and result in cognitive overload. Interestingly, though, 
Vanbecelaere et al. (2023) found that gamification and adaptivity did not moder-
ate effects of digital reading interventions implemented with children ages 3 to 
12. It could be that the role of such features as feedback, adaptivity, and gamifica-
tion in educational technology interventions differs depending on the age and/or 
grade of the students, the focus of the intervention (e.g., decoding, language com-
prehension, etc.), the format of the technology (e.g., e-book or computer-assisted 
instruction), etc. Also, in this study, while these features were either not correlated 
or negatively correlated with the cognitive and constructivist pedagogies (–0.11, 
p > .05 to –0.47, p < .01), they were positively correlated with the behavioral 
pedagogy (0.25, p < .01 to 0.52, p < .01). In order to tease out the relative impor-
tance of pedagogy or specific features under various conditions, there needs to be 
much more research on educational technology interventions, including research 
that systematically varies intervention characteristics. Only two studies in the 
present meta-analysis included two treatments that varied on feedback, adaptivity, 
or gamification. In a study with students they identified as “at risk,” Solheim et al. 
(2018) included two CAI treatments, one with a fixed progression and one with an 
adaptive progression of games, and found no difference between the treatments. 
The researchers expressed uncertainty about whether adaptation did not add value 
due to the content and context of the study or whether adaptation was not at an 
optimal level to support learning. Boggio et al. (2023) studied a spelling applica-
tion with and without gamification that included dynamic feedback features and 
found what they identified as a “marginally positive effect of gamification that is 
greater for the weakest students” (p. 1332). These researchers highlight the need 
for more research investigating various features with different types of learners.

Few other intervention characteristics in this meta-analysis revealed signifi-
cant differences. For decoding, interventions lasting >22 hours were associated 
with higher effects than those lasting <8 hours; and, in the meta-regression with 
multiple moderators analysis, interventions of both medium and high duration 
had greater effects than for those with low duration. With the difficulty we had in 
determining duration across studies, we view results related to this variable with 
extreme caution. Only one study in our corpus compared two treatments that dif-
fered in duration. In that study, Alvarez-Marinelli et  al. (2014) compared two 
computer-based language learning interventions, one that lasted roughly 28 hours 
and another that lasted about 53 hours. These authors found higher effects for the 
shorter treatment on language comprehension outcomes, but the interventions 
also varied in content. A recent meta-analysis on intervention dosage by Roberts 
et  al. (2022) suggests that intervention effect sizes follow a concave parabolic 
shape such that effects are positively associated with intervention dosage up to a 
point after which there are diminishing returns. However, Roberts et al. excluded 
interventions administered via a computer without a live instructor. More research 
on educational technology interventions needs to systematically manipulate dura-
tion, and future meta-analyses should explore the nonlinear approach used in 
Roberts et al.
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For language comprehension and reading comprehension, studies that included 
non-technology-based instruction tended to have lower effects than studies with-
out non-technology-based instruction; however, these effects did not hold in the 
meta-regression models with multiple moderators. Also, since whether non-tech-
nology-based instruction was included was correlated with other potential mod-
erators, it could be that one of these relationships was underlying the initial 
moderating effect of non-technology-based instruction. In light of research sug-
gesting that comprehensive interventions or interventions that include non-tech-
nology-based instruction in addition to technology-based instruction are more 
effective (Cheung & Slavin, 2012; Savva et al., 2022; T. Thomas et al., 2013), 
more research is needed on the role of non-technology-based instruction in the 
context of educational technology interventions. Finally, contrary to Archer et al. 
(2014), we did not find that effects were associated with whether teacher training 
was discussed, though it could be that many studies in our corpus included teacher 
training even though it was not described. In order to determine whether teacher 
training to support implementation of educational technology interventions is 
important and, if it is, what it should look like, future research should include 
detailed descriptions of teacher training and studies should systematically vary 
features of teacher training. Unlike Cheung and Slavin (2012), we did not explore 
implementation. Again, this information was often absent in manuscripts, but the 
quality and consistency of implementation should be considered in future 
meta-analyses.

Effects by Participant Characteristics

The only participant characteristic that surfaced as a moderator of effects in 
this meta-analysis was socioeconomic status. For decoding, studies with a sub-
stantial percentage (>33%) of students from low socioeconomic backgrounds 
tended to have larger effects compared to other studies. This finding is in line 
previous reviews suggesting that the effects of educational technology interven-
tions could differ for students from different socioeconomic backgrounds (e.g., 
Cheung & Slavin, 2012; Takacs et al., 2015), but it differs from the review by 
Vanbecelaere et al. (2023) in which socioeconomic status did not moderate effects. 
Given the inconsistency in reporting on participant characteristics, we recognize 
the need for much more research to determine whether effects of educational tech-
nology interventions have greater effects for students from low socioeconomic 
backgrounds and whether effects differ by language status and disability status. 
Few studies in our corpus disaggregated findings for students from these back-
grounds. Some studies explored effects of educational technology interventions 
with specific populations (e.g., Esteves et al. [2010] worked with students with 
reading disabilities, Lange [2019] worked with students from low-income back-
grounds, and Wijekumar et al. [2019] worked with English learners), but there 
were not enough studies focused on each population to run analyses separately for 
these studies. Given the heterogeneity of students in schools (Digital Promise, 
2016), future research on educational technology interventions needs to be clear 
about student demographics and evaluate whether interventions are equally effec-
tive for supporting the literacy development of elementary school students from 
different backgrounds. Of note, though not a substantive focus in this study, we 
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did not find differences according to whether studies were conducted in the United 
States (k = 50) or internationally (k = 70).

Effects by Design Characteristics

Though Cheung and Slavin (2012) found that effects differed by whether the 
study included random assignment or not), Xu et al. (2019) found that effects dif-
fered by the nature of the comparison group (e.g., whether the comparison group 
participated in business as usual or other instruction), and Vanbecelaere et  al. 
(2023) found differences by study quality, a measure that included design charac-
teristics, we did not find differences according to design characteristics. 
Theoretically, these characteristics could influence effect size estimates (e.g., 
Kraft, 2020; Lipsey & Wilson, 2001), but they have not been shown to play a 
moderating role in other recent meta-analyses investigating literacy interventions 
(e.g., Gersten et al., 2020; Hall et al., 2023; Neitzel et al., 2022; Silverman et al., 
2020).

Limitations

An inherent limitation of meta-analysis is that findings are generalized from 
the existing body of research. There are numerous educational technology inter-
ventions that have not been studied by researchers who disseminate findings 
through academic journals or dissertations. Research on a wider range of educa-
tional technology interventions is needed to better understand how such interven-
tions affect literacy. Studies disseminated through other avenues that have not 
undergone peer review by independent researchers are much less trustworthy. 
Another ingrained limitation is that moderator analyses within the context of 
meta-analyses are merely exploratory in that, in most studies, moderators have 
not been systematically manipulated. Within the scope of studies we identified, 
effects on literacy-related skills were likely confounded with the specific inter-
ventions, participants, measures, and methods used. For example, there were 
positive effects of constructivist-oriented educational technology interventions as 
well as e-book-based interventions on language comprehension. Since e-book 
interventions were typically classified as constructivist because they offer open-
ended opportunities for children to experience and learn from text, it is impossible 
to know whether the effect on language comprehension is driven by the pedagogy 
or technology type. Additionally, some studies that included e-books (Connor 
et al., 2019; Korat, 2010) only examined effects on proximal researcher-devel-
oped measures, confounding intervention characteristics with measurement type.

This meta-analysis is further limited because we only examined selected 
intervention and participant characteristics to explore in moderator analyses. 
Though our choice of potential moderators was theoretically and empirically 
driven, there are many other characteristics of educational technology interven-
tions that may be relevant (Xie et al., 2018). Furthermore, for each characteristic, 
we kept categories mutually exclusive and, when educational technology inter-
ventions included features aligned with more than one category, we chose the 
category that was the best match. For example, though the e-books that Korat 
(2010) studied included some direct instruction, which could be categorized as 
behaviorally-oriented, we determined that the open-ended nature of the e-books 
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made the constructivist orientation the best match for this educational technol-
ogy intervention. As Dede (2008) noted, many educational technology interven-
tions do not neatly align with particular characteristics. By using mutually 
exclusive categories, we ignored ways in which the interventions could have 
aligned with more than one category. To fully understand the impact of these 
characteristics on the effectiveness of educational technology interventions, 
much more fine-grained analyses of intervention characteristics are needed. 
Such analyses will require a corpus of studies with sufficient variation across 
potential moderators.

Additionally, this meta-analysis was limited by the information provided in the 
manuscripts we identified. As we note, descriptions of interventions and partici-
pant characteristics were often sketchy or unclear. This was particularly problem-
atic for participant characteristics. Many studies did not report on key participant 
characteristics (e.g., race or gender) or did not clarify how characteristics were 
defined (e.g., socioeconomic background and language or ability status). In order 
to determine whether educational technology interventions can accelerate literacy 
development for marginalized or under-served groups, research with clearly 
defined participant samples and comparisons by subgroups within samples is 
needed.

Conclusion

Educational technology interventions that claim to support literacy are increas-
ingly prevalent. This meta-analysis can help guide policymakers and educators in 
making decisions about funding and adopting these interventions. However, while 
the present meta-analysis suggests positive effects for educational technology 
interventions and provides indications of potential moderators of these effects for 
literacy-related outcomes in elementary school, it also calls attention to the fact 
that more research with clear descriptions of intervention and study characteris-
tics is needed across literacy outcomes.
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Notes
1 We conducted analyses using R (R Core Team, 2023) and RStudio (RStudio Team, 

2023) and the following statistical packages in our effect size analyses: metafor, MAd, 
dmetar, effectsize, and robumeta (Ben-Shachar et al., 2020; Fisher & Tipton, 2015; Harrer 
et al., 2019; Hoyt ACDR&WT, 2014; van Lissa, 2017; Viechtbauer, 2010).

2 In some cases, authors did not provide student-level data in the manuscript. In these 
cases, we contacted the authors to access the student-level data for our analyses.

3 This design effect adjustment reflects the increased uncertainty due to the clustered 
nature of the data (Heo et al., 2010; Särndal et al., 2003). Using the average cluster size is 
useful here as it serves as a conservative upper bound of the exact design effect inflation in 
case of studies where cluster sizes are not identical (e.g., slightly uneven classroom sizes) 
(Gabler et al., 1999). The average cluster size could be that of the classroom or that of the 
school, based on the level of cluster randomization defined in each study.
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4 Since we aggregated effects across treatments for the purposes of the meta-analysis, 
we excluded studies from the analysis of a particular moderator when the study included 
two treatments that differed according to this moderator.

5 Kraft (2020) proposed the following benchmarks for PK–12 education intervention 
effect sizes: <0.05 is small, 0.05 to <0.20 is medium, and ≥0.20 is large.
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