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Abstract

This study replicates and extends a meta-analysis of 36 studies of educational apps (Kim
et al., 2021) with six years of new data. We synthesize 841 effect sizes from 141 studies
evaluating the effectiveness of educational apps on reading and math skills of students
ages 3-9. Replicating the original study, we find a moderate positive pooled effect size
with substantial heterogeneity (d = .40, 95% CI = [.32, .49], 7 = .37). We replicate
the findings that effect sizes are larger on researcher-developed outcome measures and
outcomes that measure constrained skills, and that app dosage and quality ratings do
not predict effect sizes. We also find lower effect sizes for studies with randomized
controlled trial designs and studies with larger samples. Our results provide strong
evidence that educational apps can serve as useful tools to support student learning,
but caution that evidence of app effectiveness at scale and with long-term followup
remains limited.
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1 Introduction

Education researchers are increasingly interested in the affordances of digital technology
to support student learning, particularly in the wake of the COVID-19 pandemic and the
rise of generative Al tools such as ChatGPT (BaiDoo-Anu & Owusu Ansah, 2023; Richter
et al., 2022). Kim, Gilbert, Yu, and Gale (2021) summarized the evidence in this space by
conducting a meta-analysis of the causal effects of educational apps on the literacy and math
achievement of students ages 3-9. In their sample of 285 effect sizes (ES) from 36 experimental
and quasi-experimental studies, they reported a positive and statistically significant pooled
ES of moderate magnitude with substantial heterogeneity (d = .31, 95% CI = [.20, .42],
7 = .39). Their moderation analyses showed larger ES when the sample included pre-K
children rather than K-3 children, the outcome measure was researcher developed rather
than standardized, and the outcome measured a constrained skill like letter knowledge rather
than an unconstrained skill like broad academic vocabulary. They also reported that neither
intervention dosage—operationalized as the duration of the intervention, number of sessions
on the app, or the length of time per app session—nor ratings of app quality predicted ES.

In this study, we replicate and extend the Kim et al. (2021) meta-analysis (henceforth
KGYG) with extensive new data through 2026. We make two primary contributions. First,
we synthesize the most recent literature on educational apps to provide a rigorous summary
of the causal evidence for apps’ effects on student achievement in reading and math. Second,
we use our larger sample to replicate and extend the moderator analyses of KGYG to more
precisely determine what features of app interventions predict differences in app effectiveness.

Our updated analysis of 841 effect sizes from 141 studies mostly replicates KGYG, as
the pooled ES is moderately positive and precisely estimated but individual ES are highly
variable (d = .40, 95% CI = [.32, .49], 7 = .37). We also replicate the result that measures
of constrained skills and researcher-developed outcome measures show larger ES and that

intervention dosage does not predict ES, but fail to replicate the finding that ES are larger



in interventions conducted in pre-K vs. K-3 settings. KGYG did not detect differences
in ES based on study design (randomized controlled trial vs. non-RCT), control group
condition (active control on an alternative app vs. business as usual control), or ratings of
app quality, though their non-significant effects could partly be attributed to low power. We
find that studies with RCT designs report lower ES but we do not detect differences in ES
based on control group condition or app quality ratings. Our results therefore further our
understanding of the characteristics that predict the effectiveness of app interventions with a

substantially larger, more current sample.

1.1 Background

Because educational apps are inconsistently defined in the literature, we adopt the same
definition as KGYG, namely, as “interventions designed to improve ... children’s literacy
and mathematics skills through content delivered on smart phones, tablets, or personal
computers.” Educational apps are even more ubiquitous today than when KGYG was
published in 2021. For example, KGYG cite reports that 200,000 educational and reference
apps were available in Apple’s App Store in 2018 and a market for educational software in
the billions of dollars in the United States. A recent market survey of 100 schools across
the United States reports that “56% of students are actively engaged in digital learning
for more than two hours per day” (Lightspeed Systems, 2024). Similarly, surveys of US
teachers suggest that they spend two to four hours per week managing educational apps in
the classroom (Cornerstone Communications, 2025). The market for educational technology
software in the US is estimated at $47B in 2024 and projected to reach $90B by 2030 (Grand
View Research, 2025).

Given the saturation of the educational app marketplace, choosing high-quality apps
to support student learning can be a daunting challenge. The proliferation of apps leaves
many educators to rely on ad hoc user rating systems, further underscoring the need for

rigorous evidence synthesis on app effectiveness (Liptrot et al., 2024; Taylor, Kolak, Bent,



& Monaghan, 2022; Taylor, Kolak, Norgate, & Monaghan, 2022). Yet, the potential of
educational apps to enhance student learning remains compelling given that, in contrast to
undifferentiated whole-class instruction, apps are theorized to allow for more individualized
instruction, self-paced learning, and formative assessment, thereby providing a promising
lever for enhancing student learning across a wide range of contexts (Hirsh-Pasek et al., 2015;
Hwang & Chang, 2011; Statti & Villegas, 2020).

Since the publication of KGYG, systematic reviews and meta-analyses of educational
apps have proliferated. Specifically, we identified 12 systematic reviews and meta-analyses
on educational apps published between 2020 and 2026, listed in Table 1. These reviews
cover a range of ages, outcomes, and sample sizes. The meta-analyses report positive and
significant pooled effects, though they are larger in magnitude than KGYG. Compared to
related meta-analyses and systematic reviews described in Table 1, our study sample is the
largest and—as in only one of the prior meta-analyses—includes both reading and math

interventions.!

2 Methods

2.1 Inclusion Criteria

To maintain comparability with KGYG, we apply identical criteria for inclusion in the
meta-analytic sample. In particular, included studies must (1) evaluate the effectiveness of an
educational app designed to improve student learning in reading or math skills, (2) measure
a reading or math outcome, (3) provide sufficient empirical information to calculate an ES
(e.g., treatment and control group means and standard deviations or other statistics that

can be converted to an ES), (4) include students ages 3-9 (pre-K to Grade 3), (5) use an

!Taheryan and Song (2025) focus on the impacts of touchscreen devices rather than educational apps
more broadly construed.



Table 1: Summary of Systematic Reviews and Meta-Analyses of Educational Apps Published

2020-2026
Reference Type k  Age Range Math Reading Pooled ES [95% CI]
Aeschbach et al. (2024) SR 23 5-18 v X
Booton et al. (2023) SR 11 3-11 X v
Giler et al. (2022) MA 22 All v x 4834, .62
Hussein et al. (2022) SR 43 5-18 v X
Kusumawardani and MA 30 5-10 v X .90 [.56, 1.25]
Widhanarto (2026)
Liu et al. (2026) SR 103 3-6 v v
Outhwaite et al. (2023) SR 77 5-8 v X
Parry et al. (2024) SR 14 3-8 X v
Prate et al. (2025) MA 12 5-11 X v 1.34 [.54, 2.14]
Silverman et al. (2025) MA 119 5-11 X v Range: .12-1.05
Taheryan and Song MA 57 2-8 v v 48 [.35, .60]
(2025)
Wang et al. (2022) MA 33 All v X 67 .52, .81]

Notes: SR = systematic review, MA = meta-analysis, ES = effect size, & = number of studies. We
intentionally exclude KGYG from this table.

experimental or quasi-experimental design (e.g., a randomized controlled trial), and (6) be

published in English.

2.2 Literature Search and Study Coding

We replicated and extended the KGYG search procedure as follows. We first used the exact
keywords provided in the KGYG supplement (see Appendix A) to replicate the original
search in the Academic Search Premier, PsycINFO, Education Source, Web of Science, and
ProQuest databases, but restricted the date of publication from January 2020 to July 2026,
when our search concluded. We then hand-reviewed citations of both KGYG and the original
36 primary studies using Google Scholar. Last, we hand-reviewed the reference lists of the 12
systematic reviews and meta-analyses on related topics published between 2020 and 2026
listed in Table 1. We then evaluated each candidate study to ensure that it met the inclusion

criteria specified above. The included studies were coded by two raters, each of whom



extracted effect sizes and moderator variables. Disagreements were resolved by follow-up
conversations between raters.

In total, our analytic sample includes 841 effect sizes from 141 studies, nearly four times
the KGYG sample. Figure 1 shows a PRISMA diagram summarizing our search process.
While the number of studies identified through keyword search of academic databases may
seem low—116 unique studies resulting in 8 additional studies in the present sample—our
result is in line with the KGYG report of 228 unique studies using these exact keywords
from 2008-2020. One implication of the low number of studies identified from the database
keyword search is that the original keywords may be too restrictive, potentially reducing false
positives but also leaving eligible studies unaccounted for. Indeed, our alternative search
channels of hand searches of forward citations and reference lists yielded 98 additional studies

for inclusion.

Figure 1: PRISMA Diagram
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Notes: KGYG includes 36 studies, but we omit one of the original studies here. The omitted study does
not specifically state the participant grade level, but we contacted the author directly and learned that the
students were in Grade 5, which does not meet our inclusion criteria.



2.3 Effect Size Calculation

For each eligible outcome within each study, we calculate Cohen’s d based on post-intervention

descriptive statistics. Following KGYG, we examine immediate post-intervention impacts

only (we return to long-term effects in our Discussion). d is defined as the difference in
outcome means § between treated (t) and control groups (c), divided by the pooled SD s:

yt B gc

d="—"—"=. 1

= (1)

When primary studies do not report descriptive statistics to calculate d directly, we convert

reported test statistics such as ¢t or n? to Cohen’s d using standard formulas (Borenstein

et al., 2022). We calculate the standard error of d using the following formula:

SE(d) = \/”t tn, & (2)

ng X ne  2(ng +ne)’

where n represents the sample size of each group.

To ease interpretability, we reverse-code outcomes for which lower scores are desirable
(e.g., error rates) so that the positive ES is preferred across studies. We also exclude “placebo”
outcomes, such as reading outcomes reported in a math app intervention, from our pooled

estimates so that they capture app impacts on only directly targeted skills.

2.4 Moderator Variables

Following KGYG, we explore ES heterogeneity as a function of several moderator variables,
summarized in Table 2. We include two moderator variables not tested by KGYG: sample
size, and the total amount of time treated participants use the app during the intervention,
calculated as the product of the number of app sessions and the duration of each app session.
Because not all studies report dosage information, we analyze the dosage moderators in

separate models.



Several moderators require low inference to code, for example, whether a study uses an
RCT or non-RCT design, or whether the study is published in a peer reviewed journal or an
alternative venue such as a preprint server or a conference poster. Others, such as whether
the outcome represents a constrained or unconstrained skill, require more judgment. We
follow the approach of KGYG as closely as possible, defining standardized outcomes as those
not developed by the researchers for the purpose of evaluating the app intervention and
researcher-developed outcomes as those developed by the researchers specifically for the app
intervention under study (Cheung & Slavin, 2016; Wolf & Harbatkin, 2023). Constrained
skills represent specific competencies with ceilings expected to be eventually mastered by all
children, such as letter identification or single-digit addition, whereas unconstrained skills
represent skills without ceilings, such as broad academic vocabulary or mathematical problem
solving (Paris, 2005; Snow & Matthews, 2016). We code these moderators at the ES level, as
many studies report mixes of outcome types.

The highest inference moderators are the indices of app quality, based on the framework
of Hirsh-Pasek et al. (2015). The authors define the “four pillars” of app quality as the
extent to which apps promote active, engaging, meaningful, and social learning towards a
clear learning goal. We rate the learning goal as a fifth dimension alongside the four pillars,
following the framework’s position that the pillars support learning only within a context
that supplies a well-defined educational objective. We rate each of these five dimensions on a
three-point scale, from 1 (low) to 3 (high), following KGYG. We develop the rating rubric
from the Hirsh-Pasek et al. (2015) framework, expanding the rubric used by KGYG to define
each score point more precisely and to align it more closely with the original framework. Each
score point is anchored to observable features of the app. On active learning, for example, an
app scores 1 if the child mainly watches or listens, 2 if the child responds continuously but the
responses are repetitive, as in a drill of multiple-choice trials, and 3 if the child consistently
solves varied problems or builds something. This distinction follows the framework’s emphasis

on “minds-on” rather than merely hands-on involvement. We produce one set of ratings for



each distinct app evaluated in a treatment condition, so studies whose arms test the same app
contribute a single set of ratings. We do not rate apps that appear only in control conditions.

Primary studies often describe the app only in passing. Following KGYG, we therefore
code from the study report where it is informative, using its account of the app’s activities,
its figures, and its stated objectives, and consult sources outside the report where it is not,
including developer documentation, app store listings, published reviews, video demonstrations
of gameplay, and companion design papers. Ratings reflect the version of the app and the
conditions of its use in the study at hand, so the same app can be rated differently across
studies. For example, the same app may involve social interaction in one study but not
another.

Given recent advances in generative Al tools in meta-analysis, we use a hybrid human-Al
coding strategy for these ratings. Azaad (2026), for example, reports that large language
models exceed 92% accuracy in high inference moderator coding for three published meta-
analyses in psychology despite minimal explicit instruction or pre-training. To test the
reliability of Al-derived codes in our sample, the second author and Claude Fable 5 (Anthropic)
independently rated the 43 apps evaluated in the first 36 studies, both working from the
rubric in Appendix B and blind to the other’s ratings. The two coders assigned identical
scores to 206 of the 215 individual ratings (95.8%), no disagreement exceeded one scale point,
and the Pearson correlation between average quality scores was r = .96. Per-dimension
agreement ranged from Cohen’s k = .77 for active learning to perfect agreement (k = 1) for
social learning. The remaining studies were rated by the model, with each rating subsequently
checked against the source materials by the second author. Because the vast majority of
studies test a single app, we average ratings within studies for the small subset that test
multiple apps to create a study-level moderator variable representing overall app quality.
For replication purposes, we include the full app quality rubric (which is also used as the

instructions for the Al coder) in Appendix B.



Table 2: Moderator Variables

Moderator

Coding

KGYG Finding

Pre-K vs. K-3 sample

Math vs. Reading outcome
Peer review

RCT design

Active app control

Constrained vs. Unconstrained
outcome

Standardized vs. Researcher
Developed outcome

App Quality
Duration
Frequency

Intensity

Total Dosage
Participant Sample Size

1 = Pre-K sample

1 = Math outcome

1 = Peer-reviewed journal article
1 = RCT design

1 = control group used
alternative app

1 = Constrained outcome

1 = Standardized outcome

Average quality score (1-3)
log, (Study duration in weeks)
log, (Number of app sessions)

log, (Length of app sessions in
minutes)

log, (Frequency x Intensity)
logy(NV)

Larger ES for PreK samples
(b=.19)

NS

NS

NS

NS

Larger ES for constrained
outcomes (b= .17)

Smaller ES for studies with
more standardized outcomes
(b=—.28)

NS

NS

Larger ES for studies with more
sessions (b = .13)

NS

Not explored
Not explored

Notes: N = sample size, NS = not statistically significant, b = meta-regression coefficient. We apply a log,
transformation to both sample size and the dosage-related moderators to account for positive skew, following

KGYG.

2.5 Meta-regression Models

We use meta-regression with robust variance estimation (RVE) to account for the dependence

structure that arises when studies report multiple ES (Pustejovsky & Tipton, 2022). The

unconditional RVE model takes the following form:

dij = 60 + U]’ + eij
Uj ~ N(O, 7'2)

€; ~ MVN(O, Ej),

where d;; is ES 7 from study j, fy is the pooled ES, u; is the between-study variance component

with variance 72, and e;; is the sampling error. The vector of sampling errors for the ES within

study j, e;, is assumed to be normally distributed with mean 0 and covariance matrix 33;,



with diagonal entries s?j (the assumed known sampling variance of the ES) and off-diagonal
entries ps;;s;; for 1 # i'. We assume a within-study sampling correlation p = .80 between ES
drawn from the same study, the typical default in the RVE literature. We also fit several
conditional RVE models with the moderator variables described in Table 2. To appropriately
distinguish between- and within-study effects, we center all ES-level moderators on the study
mean and include the study mean in the model in a random effects within and between
approach (Antonakis et al., 2021; Rabe-Hesketh & Skrondal, 2022). We use R version 4.6.1
for our analyses and the robumeta package to fit the RVE models (Fisher & Tipton, 2015; R
Core Team, 2026).

2.6 Sensitivity Checks

To probe the robustness of our primary results, we conduct several sensitivity checks. Because
some of the sensitivity checks require one ES per study, we generate a dataset of aggregated
ES using the metafor R package (Viechtbauer, 2010). We use an assumed within-study
sampling correlation of .80 to pool the SEs, analogous to our RVE models. Specifically, we
conduct the following checks. Checks 1-3 assess sensitivity to the methodological approach

and the remainder assess the threats of publication bias, file drawer issues, and p-hacking

(Thornton, 2000; Wicherts et al., 2016):

1. We use traditional random effects meta-analysis on the aggregated ES to compare the
results to those of the unconditional RVE model. Given the KGYG results showing
near identical estimates for both the pooled ES and overall heterogeneity based on
aggregated random effects models and RVE, we expect that results will be similar

across analytic methods.

2. We vary the assumed within-study sampling correlation p from 0 to 1 in increments of
.20 to determine the extent to which our use of the default RVE p = .80 is robust to

alternative dependence assumptions.
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3. Most outcome measures in education are derived from psychometric instruments and
as such suffer from measurement error. Measurement error attenuates ES magnitudes
by inflating the pooled standard deviation in the denominator of the ES calculation
(Equation 1). Differential reliability can therefore yield spurious heterogeneity and an
underestimated pooled ES (Borenstein et al., 2022; Gilbert et al., 2025). We test the
sensitivity of our results to uncorrected measurement error by dividing each ES by the

square root of a range of plausible outcome reliabilities (Gilbert, 2025; Hedges, 1981).

4. Following KGYG, we apply a cumulative meta-analysis to the aggregated ES, sorted
by study sample size (Borenstein et al., 2022; Mullen et al., 2001). In cumulative
meta-analysis, we first estimate the ES of the largest study, then the pooled ES of the
two largest studies, and so on, adding the next smallest study each time. This approach

allows us to determine the stability of the pooled ES as smaller studies are added.

5. Also following KGYG, we generate a funnel plot and apply the trim and fill method to
detect asymmetry in the ES distribution, which can indicate publication bias to the
extent that smaller studies are more likely to be published when they have statistically
significant findings (Duval & Tweedie, 2000). We use the L, estimator because it is

less sensitive to true heterogeneity in the ES distribution (Shi & Lin, 2019).

6. We perform a p-curve analysis (Simonsohn et al., 2014), in which we subset the data to
only statistically significant ES (p < .05) and examine the distribution of p-values. If
p-hacking is present, we expect left skew in the p-value distribution, with many p-values
just below the .05 threshold. If p-hacking is less severe, we expect right skew, with

most ES showing very low p-values.
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3 Results

3.1 Descriptives

We include a list of all primary study citations in Appendix D. Tables 3 and 4 summarize
descriptive statistics for our sample, for study-level and ES-level variables, respectively. Our
analytic sample includes 841 ES from 141 studies published between 2010 and 2026 (median
= 2020).% 71% of studies are RCTs, 83% are peer-reviewed, and 25% are conducted in the
United States. The average study implements the app intervention over a 12-week period
and students participate in 33 app sessions at 25 minutes per session, on average. 53% of ES
represent math outcomes. The mean sample size is 183 subjects and ranges from 13 to over
2,000. 74% of outcomes are standardized and 56% represent constrained skills. In line with
KGYG, ratings of app quality are generally high with the exception of the social dimension.
The near ceiling average rating for whether an app has a clear learning goal is unsurprising
given that studies must test an app designed to improve student learning in reading or math

skills for inclusion in the meta-analytic sample.

3.2 Pooled Effects and Heterogeneity

Figure 2 shows a forest plot of the aggregated ES. In the unconditional RVE model, we
estimate a pooled ES of d = .40 (95% CI = [.32, .49]), similar in magnitude to d = .31
reported by KGYG, but considerably more precise due to the increased sample size. The
estimated SD of true ES (1) is .37, suggesting substantial variability around the pooled ES.
The 95% prediction interval (PI) ranges from —.33 to 1.13, suggesting that a new study
drawn from this population could yield a true ES from moderately negative to strongly
positive. I? = 87% suggests that the vast majority of observed ES variation is driven by

true heterogeneity rather than sampling error alone. These results broadly replicate KGYG’s

ZWhile our initial search targeted studies published between 2020 and 2026, our search process revealed
several studies meeting our criteria published before 2020.
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Table 3: Study-Level Descriptive Statistics

Characteristic N =141
Publication Year 2,019.8 (3.9)
Grade Level
PreK 46 (33%)
K 27 (19%)
1 21 (15%)
2 17 (12%)
3 13 (9.2%)
Mixed 17 (12%)
Randomized Controlled Trial 100 (71%)
Peer-Reviewed 117 (83%)
Country
non-USA 106 (75%)
USA 35 (25%)
Duration 12 (12)
Unknown 10
Frequency 33 (39)
Unknown 21
Intensity 25 (21)
Unknown 26
Active 2.16 (0.37)
Engaging 2.35 (0.54)
Meaningful 2.02 (0.57)
Social 1.35 (0.55)
Learning Goal 2.94 (0.25)
Mean Quality Score 2.16 (0.25)

Notes: Cell entries are means and SDs or counts and percentages.

Table 4: Effect Size-Level Descriptive Statistics

Characteristic N = 841
Sample Size 183 (267)
Math Outcome 446 (53%

(53%)
Active Control App 290 (34%)
Standardized Outcome 623 (74%)
Constrained Outcome 467 (56%)

Notes: Cell entries are means and SDs or counts and percentages.
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finding that the pooled effect of app interventions on young children’s reading and math

skills is moderately positive, but effects are highly variable.

Figure 2: Forest Plot of Aggregated Effect Sizes
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Notes: The z-axis shows Cohen’s d (aggregated ES) and the y-axis shows the study ID. The bars show 95%
CIs around the ES. The dashed vertical line is a null effect.

3.3 Moderator Analyses

Table 5 shows the results of the conditional meta-regression models. We highlight both
similarities and differences between our results and the KGYG results. In Model 1, we find
that math vs. reading outcome is not a statistically significant moderator, replicating KGYG.

We also replicate the finding that, within study, ES on constrained outcomes are on average

14



.18 SDs larger than ES on unconstrained outcomes, but the between-study coefficient for
constrained outcomes is not statistically significant. The coefficient for whether the outcome
is standardized or researcher developed (RD) is about —.22, both within and between studies.
This suggests that ES on standardized outcomes are substantially smaller than those on RD
outcomes, within a study, and studies that have higher proportions of standardized outcomes
show smaller ES. The KGYG results for standardized outcomes were similar at the between
study level but not significant within study because few studies in the KGYG sample reported
both types of outcomes.

KGYG reported non-significant differences between peer reviewed vs. non-peer reviewed
studies, RCT vs. non-RCT designs, and active app control vs. passive or business as usual
control conditions. While we similarly find no significant differences as a function of peer
review status and control condition, we find that RCT designs report significantly lower ES
(b= —.27). As in KGYG, the index of overall app quality is not a significant moderator.

While not explored by KGYG, sample size is a significant moderator, in that a doubling
of sample size predicts an ES difference of —.06 SDs. This coefficient could reflect potential
publication bias to the extent that small studies with small or non-significant ES are less
likely to be published (Thornton, 2000), or challenges scaling interventions (Slavin & Smith,
2009). Model 2 omits the non-significant moderators and we find that results are similar
on the retained coefficients. Despite the statistically significant moderators and moderate
coefficient magnitudes, residual 72 remains high (Model 2 explains only about 7% of the
between-study variance compared to the unconditional model), suggesting that substantial
heterogeneity remains even after these moderators are accounted for.

Models 3-6 add the dosage moderators. Note that sample sizes vary across these models
because not all studies report dosage information. While KGYG report a small but significant
coefficient for intervention frequency, the dosage moderators are precise nulls in our sample.

Furthermore, we find that most of the significant moderators in Model 2 remain significant

15



when controlling for dosage moderators, and the coefficient magnitudes are generally stable

across specifications. We therefore retain Model 2 as our preferred specification.

To facilitate the interpretation of Model 2, consider the model-implied ES for two

hypothetical studies. An RCT with 1,000 participants tested on an unconstrained skill

using a standardized outcome measure has a predicted ES of about .07 SDs. In contrast, a

quasi-experimental study of 100 participants tested on a constrained skill using a researcher-

developed outcome measure has a predicted ES of about .94 SDs.

Table 5: Meta-regression Results

Coefficient Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
Tntercept 1.05 (0.39)%*%  1.16 (0.2)**  1.14 (0.21)*** 1.37 (0.26)"** 0.9 (0.36)** 1.24 (0.47)%%
1 = Peer Review 0.11 (0.09)

1 = RCT Design 2027 (0.12)**  -0.27 (0.11)**  -0.25 (0.12)**  -0.29 (0.13)**  -0.18 (0.11) -0.19 (0.11)
1 = Active Control App -0.11 (0.07)

1 = Pre-K Sample 0.16 (0.1)

1 = Math Outcome -0.12 (0.1)

App Quality 0.03 (0.16)

Constrained (Within) ~ 0.18 (0.05)%%*  0.18 (0.05)%**  0.19 (0.05)%**  0.17 (0.05)%**  0.19 (0.05)***  0.19 (0.05)***
Constrained (Between) -0.04 (0.11) -0.03 (0.1) -0.04 (0.11) -0.09 (0.12) -0.07 (0.13) -0.12 (0.15)
Std. (Within) 2022 (0.09)%*  -0.22 (0.09)**  -0.23 (0.1)*  -0.22 (0.11)*  -0.22 (0.1)**  -0.22 (0.11)*
Std. (Between) 2024 (0.11)**  -0.23 (0.1)**  -0.15 (0.09) -0.17 (0.11) -0.16 (0.1) -0.15 (0.09)*
log, (N) -0.06 (0.02)%**  -0.06 (0.02)***  -0.04 (0.03) -0.06 (0.02)¥*  -0.06 (0.02)***  -0.07 (0.02)%**
log, (Duration) -0.05 (0.04)

log, (Frequency) -0.04 (0.04)

logs (Intensity) 0.03 (0.05)

log, (Dosage) -0.01 (0.04)
12 85.01 85.04 85.01 84.86 83.18 82.4

72 0.14 0.13 0.13 0.15 0.12 0.13

n 841 841 807 773 752 737

k 141 141 131 120 115 111

Notes: *p < .05, ¥**p < .01, ***p < .001. k is the number of studies and n is the number of ES. Cell entries
are coeflicients and standard errors.

3.4 Sensitivity Checks

We summarize the results of each sensitivity check in turn below. In general, the sensitivity

checks show that our results are robust to alternative modeling approaches, p-hacking, and

potential publication bias.

1. Aggregated random effects meta-analysis with one ES per study. We com-

plement the primary RVE model with an aggregated effects model that averages the



ES and associated SE for each study and find that the pooled ES and its 95% CI are
nearly identical to that of the RVE model, d = .42 (95% CI = [.33, .50]).

2. RVE sampling correlation. We vary the assumed within-study sampling correlation
p from 0 to 1 for the unconditional RVE model and find that results are identical to four
decimal places across specifications (an unsurprising result given that RVE is robust to

misspecified error structures when the number of studies is large).

3. Measurement error corrections. Assuming a reliability of o = .7 for all outcomes
yields a disattenuated pooled ES of roughly .48 if outcome measures were perfectly
reliable. The estimates are .58 and .43 for & = .5 and .9, respectively. Thus, our

reported point estimates are likely to be conservative.

4. Cumulative meta-analysis by study sample size. We show the cumulative
meta-analysis forest plot in Appendix C and find evidence consistent with that of the
moderator analyses above suggesting that smaller studies show larger effects. Despite
the positive drift of the pooled ES in the forest plot, all of the pooled ES are significantly

different from O.

5. Funnel plot and trim and fill analysis. We show the funnel plot in Appendix C. The
trim and fill procedure returns no imputed studies, suggesting that any apparent visual
asymmetry in the ES distribution is likely attributable to underlying heterogeneity

rather than true asymmetry in the ES distribution.

6. P-curve. We show the p-curve in Appendix C and find a strong right skew in the

distribution of p-values, suggesting the threat of p-hacking is low.

4 Discussion

In this study, we replicate and extend a 2021 meta-analysis of the effects of educational

apps on pre-K through Grade 3 students’ reading and math skills with six years of new
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data (Kim et al., 2021; KGYG). Our analysis of 841 effect sizes from 141 studies mostly
replicates the original study, as we find a moderate and statistically significant pooled ES
(d = .40) with substantial heterogeneity around the mean (7 = .37), underscoring the result
that heterogeneity is the rule rather than the exception in educational intervention research
(Bryan et al., 2021; Von Hippel & Schuetze, 2025).

To attempt to explain this extensive heterogeneity, we identify several moderating vari-
ables that predict ES variation. For example, we find lower ES for RCT designs, suggesting
that understanding the strength of the causal identification strategy is critical for interpreting
the effectiveness of an intervention (Cheung & Slavin, 2016; Lortie-Forgues & Inglis, 2019).
Importantly, we find no evidence of moderation by intervention dosage, whether operational-
ized as study duration, frequency of app use, length of app sessions, or total time on the app,
mostly in line with the KGYG results. In simple terms, more is not always better when it
comes to educational app interventions. This finding suggests that concerns about overuse of
apps at the expense of alternative learning opportunities may be an important consideration
when deciding how to leverage apps to support learning (Erbeli et al., 2024; Grose, 2024;
Munzer et al., 2026; Putnick et al., 2023; Steinberg et al., 2026). The strong negative
coefficient on sample size is widely observed in educational meta-analyses and may suggest
challenges with scaling interventions. Apps that show promise in small, well-controlled trials
may fail to show the same effects in larger, more naturalistic settings (Cheung & Slavin,
2016; Kraft, 2020; Slavin & Smith, 2009). On the other hand, the success of low dosage
or light touch interventions in other fields may suggest a trade-off between scalability and
intervention complexity (Kizilcec & Cohen, 2017; Kizilcec et al., 2020; Yeager et al., 2022).
Thus, our results suggest caution is warranted when going from even a well-designed RCT to
implementation in new contexts.

In our view, the central finding of both KGYG and the present study is that outcome
type—constrained vs. unconstrained skill; researcher-developed vs. standardized outcome—is

a consistent predictor of ES magnitude. Furthermore, because many studies report a mix
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of outcome types, we can separately estimate within- and between-study coefficients on
these moderators. The within-study coefficients provide particularly meaningful comparisons
because they hold constant all unobserved study-level characteristics, unlike between-study
moderators that are more susceptible to confounding (Lipsey, 2003). That is, within the same
study, standardized outcome measures have smaller ES than researcher developed measures,
and measures of constrained skills show larger ES than measures of unconstrained skills.
Our results therefore align with recent work examining the sensitivity of RCT results to
measurement considerations more generally and the importance of intervention-outcome
alignment (Francis & Kulesz, 2026; Francis et al., 2022; Gilbert & Soland, 2026; Silverman
et al., 2025; Wolf & Harbatkin, 2023).

To illustrate how some of these issues may play out concretely using primary studies as
examples, contrast studies 56 (Thomas et al., 2025) and 138 (Dore et al., 2019). Both are
quasi-experimental studies of reading achievement in preschool students. Study 56 implements
a reading app intervention over 50 total sessions and 10 minutes per session over a 25-week
period to about 500 students in France. Study 138 similarly implements a vocabulary app
intervention, but only in a single 10-12 minute session to about 50 students in the United
States. Despite the vastly higher duration and frequency of Study 56, its reported ES of
d = .20 is but a small fraction of the d = 1.6 reported by Study 138. What explains this vast
apparent discrepancy in app effectiveness? While many explanations are conceivable—e.g.,
fidelity of implementation is harder to control over more students, schools, and a longer
time period; the app in Study 138 is truly more effective, etc.—we view the most plausible
explanation to be intervention-outcome alignment. The outcome measure in Study 56 is the
Preschool Early Literacy Scale, a broad, previously-developed reading assessment with 14
subtests and 124 items covering a range of early literacy skills (Thomas et al., 2021). In
contrast, the outcome measure in Study 138 is a 10-item vocabulary test. Crucially, the
10 words on the test are identical to those trained in the app (Dore et al., 2019, p. 457).

Thus, Study 56 tests unconstrained literacy skills with an independently-developed test,
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whereas Study 138 tests highly constrained literacy skills with an arguably over-aligned
researcher-developed test. Thus, it would be premature to declare that the app tested in
Study 138 is “more effective” without understanding the nature of the outcome measure
chosen for success. For example, while neither study reports long-term followup data, it seems
plausible that, while much smaller, the ES of Study 56 may be more likely to persist over
time and potentially transfer to other content domains than the large ES of Study 138, given
the more sustained intervention and broader targeted content area (Gilbert & Himmelsbach,

2026; Gilbert & Kim, 2026; Hart et al., 2024; Kim et al., 2024).

4.1 Limitations

While strengthened by the large, global sample, the targeted age range of pre-K through
Grade 3, the dual focus on reading and math outcomes, and robustness of the results across
alternative model specifications and assumptions about omitted studies, several limitations

bear mention:

1. The educational app landscape is rapidly evolving. With the advent of new technologies
such as generative Al tools and virtual or augmented reality apps, the types of educa-
tional apps tested in our study window may differ markedly from new apps that become
available in the future (Luo et al., 2026; McGivney, 2025; Oreopoulos & Low, 2026;
Oreopoulos et al., 2026; Shahzad et al., 2025; Tadiboyina et al., 2024; Venn-Wycherley
et al., 2024). Thus, the extent to which our results may generalize to other types of

educational apps remains an open question.

2. While we test a wide range of potential moderator variables and identify several that
show large (and now replicated) effects, extensive heterogeneity remains, suggesting
that other, unmeasured moderators may predict app effectiveness, or that the variation

may be truly idiosyncratic.
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3. Despite the large number of studies, the sample sizes of the primary studies are generally
small. Only 18 studies are RCTs with samples of 350 students or more, the Fvery
Student Succeeds Act (ESSA) standard for Tier I evidence. While this number is greater
than the six studies that meet this ESSA standard in the KGYG sample, the majority
of causal studies on app effectiveness are relatively small trials. Thus, more large scale,
well-executed RCTs are necessary to fully understand how apps can optimally support
student learning at the implementation scale of, for example, a school district or state,

particularly given the negative moderator coefficient on sample size.

4. Our analysis only examines immediate posttest outcomes. Given the extensive docu-
mentation of effect fadeout in the educational intervention literature—wherein positive
posttest ES fully or partially fade to zero as the length of time from intervention to
assessment grows; see Bailey et al., 2017; Gilbert and Himmelsbach, 2026; Hart et al.,
2024; Watts et al., 2025—our results are likely to provide an optimistic upper bound on
the long-term effects of apps. Indeed, only 78 of 141 studies in our sample report the
time from end of intervention to assessment, the median time to assessment (among
studies that report such information) is 4.3 days, and only 8 of 141 studies report
long-term follow-up effects beyond immediate posttest. Thus, more studies that collect
and report long-term impacts are essential to understand the extent to which apps can
support sustained learning gains beyond the moderate short-term impacts we observe

in this study.?

3An exploratory analysis of the 8 studies that report long-term impacts shows that the pooled aggregated
ES is .22 at endline and .19 at followup, a 14% reduction in absolute terms. Meta-regressing the aggregated
ES at followup on the aggregated ES at posttest yields a conditional persistence rate of 54%, though this
estimate is likely optimistic to the extent that correlated sampling error is high across time points (Gilbert &
Himmelsbach, 2026). The average time from intervention conclusion to followup is 170 days (median 137
days).

21



4.2 Conclusion

Educational apps remain a promising tool for reading and math skill development, but high
unexplained heterogeneity remains a reason for caution. Our results showing that ES are
largest for researcher-developed measures of constrained skills suggest that apps may best
be understood as a targeted tool for specific, well-defined skill development, rather than a
general-purpose substitute for other forms of instruction. More broadly, our findings suggest
that the “effectiveness” of an educational app is not a fixed property of the app itself, but
depends on the research design, the outcome measure, and the context against which it is
evaluated. Whether a study uses a larger sample, an RCT design, or a researcher-developed
versus standardized outcome can shift ES estimates substantially. Thus, for researchers
and policy makers, claims of app effectiveness should be interpreted cautiously without
information on the independence of the outcome measure from trained content. Where
possible, standardized, independently-developed assessments of unconstrained skills offer a
more conservative but more policy-relevant benchmark than researcher-made, closely-aligned
measures (Koretz, 2003, 2005). For educators, administrators, and developers, our results
caution against treating any single trial, however well-designed, as conclusive evidence of an
app’s effectiveness at scale or over time, and against equating higher dosage or engagement

with better student learning outcomes.
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Appendices

A KGYG Database Search Terms

Asterisks indicate wildcards; topics are connected with AND.

Study Design
“Control group™ or “Comparison group™” or “Matched group*” or Treatment™ or Random*
or Assign® or Baseline™ or *experiment® or Evaluat® or Impact™ or Effectiveness or Causal*
or “Post*test*” or “Pre*test*” or “Randomized controlled trial” or RCT or “QED” or
“Regression discontinuity”

i 9

Topic
Reading or Literacy or Phonem™ or Phonologic* or Rhym™* or Decod® or Encod* or “Letter
name™” or “Letter sound*” or “Orthograph* knowledge” or “Orthograph™ aware*” or “Oral
language fluen*” or Print* or Text™ or “Oral reading fluen*” or “Oral Language” or “Oral
language comprehen*” or Syntax or Morphology or “Alphabetic principle” or Spell* or Writ*
or “Letter knowledge” or PGC or RAN

OR
Math* or numeracy or number*® or operation® or “problem*solv
probabilit® or ratio® or sequence*

*7 or logic* or reason*® or

Intervention
Interven*® or Curricul® or Program™ or Strateg® or Instruct® or Teach™ or Train* or Approach*
or Monitor*® or Treat* or Self-regulat™ or Transfer

AND
App or “Smart*phone” or Tablet or “Touch*screen” or “Computer program*” or “handheld
device*” or “mobile device*” or “mobile learn*”

Population

“Pre*K-3*" or “Pre*school” or Kindergart® or Elementary or “First*grade*” or “Second*grade
or “Third*grade®” or “Age*3” or “Age*4” or “Age*5” or “Age*6” or “Age*7” or “Age*8” or
“Age*9” or “3 year* old” or “4 year® old” or “5 year* old” or “6 year* old” or “7 year™ old”
or “8 year* old” or “9 year* old” or “grade 1”7 or “grade 2”7 or “grade 3”

%7

Outcomes

Achieve® or Improve™® or “Instructional effectiveness” or Outcome™ or Effect™ or Develop™
or Skill* or Assess™ or Test* or Progress™ or Acqui* or “Self*perception” or Motivation or
Perseverance or “Self*control” or Metacognit® or “Social*emotion™” or Resilien* or Creativ*
or Attention*
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B App Quality Coding Rubric

B.1 Overview

Each app used as a treatment in an included study is rated on five dimensions, each scored 1
(low), 2 (moderate), or 3 (high). The first four dimensions correspond to the four “pillars”
of learning identified by Hirsh-Pasek et al. (2015): learning is strongest when children are
“actively involved (‘minds-on’), engaged with the learning materials and undistracted by
peripheral elements, have meaningful experiences that relate to their lives, and socially
interact with others in high-quality ways around new material, within a context that provides
a clear learning goal” (p. 7). The fifth dimension captures that final clause—whether the app
supports a clear learning goal (““Educational” apps are those that support a learning goal,” (p.
4)). The five ratings are averaged into a single app-quality score used in the meta-regression.

Ratings describe the app as the children in the study actually experienced it (the version,
content, and deployment reported in the study), supplemented where needed by outside
evidence about the app: developer and publisher materials, app store listings, video demon-
strations, or direct inspection of the app when available. When a rating relies primarily on
sources outside the article, that is documented in the coding notes. If a dimension genuinely
cannot be determined from any source, it is left blank rather than guessed.

B.2 General Coding Rules

e Code treatment apps only. Apps used solely by control or placebo conditions are
identified in the notes but not rated.

e One rating per distinct app per study. Multiple study arms using the same app share
one rating; a set of small apps deployed together as one integrated curriculum is rated
as one suite; genuinely distinct treatment apps within a study each get their own rating.

e The same app can receive different scores in different studies when the deployment
differs (e.g., solitary headphone use in one study, parent co-use in another) or when
studies used meaningfully different versions of the app.

e Every rating is justified in the notes with its evidence and source (page numbers, URLs),
including consideration of the adjacent score for borderline judgments.

B.3 The Five Dimensions

1. Active: Do the activities promote active, “minds-on” learning? Basis. “‘Active’
learning implies minds-on involvement during the learning experience, in addition to any
physical activity that may be occurring, such as swipes and taps” (p. 4). Physical responding
is not enough: “merely tapping a finger or swiping a screen does not qualify as the kinds of
minds-on activity that underpins learning. These behaviors require little mental attention.
For cognitively active learning to occur, there must be more than mindless, stimulus-response
reactions” (p. 10). The same gesture can be strategic in one app and superficial in another
(p. 10). Accordingly, this dimension is rated on the depth of the child’s cognitive role, not
merely the frequency of responding.
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1 (Low). The child is a largely passive recipient of app content—watching videos or anima-
tions, or listening to stories or instruction, with little or no required response.

2 (Moderate). The child responds throughout, but the responses are thin, repetitive,
stimulus-response reactions—the profile of drill-style apps in which the child monotonously
taps or swipes through repeated multiple-choice trials (e.g., hear a sound, click the
matching letter; hear a number word, swipe the numeral). Also scored 2: apps that
mix genuinely minds-on segments with substantial passive segments (e.g., instruc-
tional videos alternating with practice), and apps in which the cognitive work happens
off-screen while the app mechanic itself is minimal (e.g., tap-to-reveal answer pages).

3 (High). The child consistently takes a minds-on role: purposefully solving varied problems,
manipulating or constructing (dragging manipulatives to build quantities, assembling
words or shapes, drawing, creating products), making choices that shape the activity,
or applying strategies— “purposefully figuring out where a puzzle piece goes or learning
about abstract concepts such as cardinality or addition” (p. 8).

Coding note. Response-contingent progression (the app will not advance without a
response) is necessary but not sufficient for a 3. Ask what the response requires of the child’s
mind: varied, purposeful problem solving scores 3; monotonous click-through of equivalent
trials scores 2, even when every trial demands a response.

2. Engaging: Do the activities draw the child into learning? Basis. “Children’s
engagement—that is, their ability to stay on task and undistracted—also supports learning’
(p- 4). Apps sustain engagement through contingent responses (“When each touch or
swipe is met with an immediate response, children feel in control, maintain their focus, and
continue the interaction,” (p. 12)), feedback, progress and reward structures, and intrinsically
motivating exploration (p. 13). We rate this dimension as a combination of two things: the
richness of the features designed to draw the child in and keep them engaged, and whether
those features serve or derail the learning experience. In practice, apps studied in this
literature rarely contain content that truly derails learning, so the rating is driven primarily
by the richness of the engagement design; the distraction test is applied when an app’s extra
features demonstrably disrupt the learning task itself (the “bells and whistles” problem, (pp.
11-13)).

Y

1 (Low). Little or nothing in the app is designed to draw the child in: bare drill or flashcard-
style presentation of items, with at most minimal correct/incorrect feedback (e.g.,
a flashcard app such as Quizlet; a plain trial-based training program with no game
elements).

2 (Moderate). The app has one or two engaging elements, but not a rich engagement
ecosystem. For example, a themed world map for selecting levels but nothing more, a
single reward mechanic (stars, coins, or a progress bar), or one recurring game wrapper
around otherwise plain practice.

3 (High). The app offers a rich ecosystem that keeps the child engaged and gives them
things to work toward: progress toward goals or levels; worlds or universes to explore;
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characters or avatars to earn, buy, or customize; leaderboards; embedded videos or
songs; a variety of game formats—the profile of products such as Khan Academy Kids
or i-Ready. An app need not have every one of these features, but a 3 reflects multiple
engagement systems working together.

Coding note. Reward features count toward engagement here; however, where there is
direct evidence that an app’s peripheral features disrupted learning (e.g., authors reporting
that visual changes or embedded hotspots distracted children from the target content—
Mayer’s coherence principle, p. 11), the score should be lowered accordingly and the evidence
documented. Child enjoyment data reported in a study corroborates but does not by itself
determine the score.

3. Meaningful: Do the activities promote meaningful learning? Basis. “Meaningful
learning goes beyond simple memorization, and occurs when children find the meaning in
what they are learning and are able to not only connect new material to existing knowledge
but expand their current knowledge to create new conceptual understanding” (p. 4). The
contrast is with rote learning, which “occurs when new information does not link to previously
learned content in any substantial way” (p. 14). The coding questions come directly from
the paper: “Does the app ask the child to go beyond rote learning? Does the app experience
tap into the child’s personal history, activate prior knowledge of a subject, or build a rich
narrative?” (p. 15).

1 (Low). The app promotes rote memorization or repetition disconnected from any broader
context: isolated symbol-sound or fact drill, or memorization of arbitrary material. A
decorative story skin that changes what the tasks look like, but not what the child’s
responses mean, does not raise this score (“an app that asks a child to touch a triangle
and then showers the child with applause. . .is hardly meaningful,” (p. 16)).

2 (Moderate). Mixed: the app has genuine conceptual architecture (multiple linked repre-
sentations, learning trajectories, strategy instruction) but the child’s moment-to-moment
tasks remain isolated skill practice; or the app sometimes connects content to broader
contexts (occasional story problems, some real-world framings) while other activities
are rote.

3 (High). Conceptual mastery is consistently connected to a broader learning context by
design: content is embedded in a sustained narrative or real-world context that gives
the child’s responses meaning (e.g., mathematics practiced by running a pizzeria—
Motion Math: Pizza!, (pp. 15-16); measurement practiced to help a character solve
an authentic problem; skills learned within stories and applied in connected text or
everyday scenarios).

Coding note. Hirsh-Pasek et al. (2015) acknowledge that drill “can be educational and
effective for building up the base on which meaningful learning rests” (p. 14); that is a
claim about effectiveness, not meaningfulness—an effective drill app is still rated low on this
dimension.
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4. Social: Do the activities promote social interaction around the app? Basis.
High-quality social interaction is contingent and adaptable to the child (p. 4), and “the
undisputed finding is that human interaction trumps electronic ‘interaction”’ (p. 18). Team
decision: this dimension is scored on human collaboration around the app—children working
together with other students, parents, or teachers—as it occurred in the study being coded.
In-app characters and parasocial agents are documented in the notes (they matter to the
app’s design) but do not by themselves raise the score, because an app is “not fully socially
interactive and adaptive” (p. 19). Because this dimension depends on deployment, it is the
most study-specific of the five: the same app can be a 1 in one study and a 3 in another.

1 (Low). Use is always or primarily solitary: each child on their own device, often with
headphones, working independently, regardless of how interactive the app’s characters
are. Adults who are merely present, supervising, keeping children on task, or providing
technical support do not raise this score; neither do co-located peers each working alone.

2 (Moderate). The app is used in genuinely social ways some of the time: adults instruction-
ally interact with children around the app content (teaching, prompting, discussing—e.g.,
app practice embedded in teacher-led small-group lessons); children use devices in pairs
or small groups with documented peer help or discussion about the content; or a
designed collaborative mode exists and is used for part of the experience.

3 (High). Human collaboration is the center of the app experience by design: parent—child
co-use is the intended and actual mode of use (e.g., a bedtime app built for parents
and children to read and solve problems together), the app is a parent/teacher resource
whose activities are inherently joint, or sustained one-on-one instructional co-play is
integral to every session.

5. Learning Goal: Do the activities support a clear learning goal? Basis. The four
pillars “are more likely to result in significant learning if they are embedded in an educational
context that supports scaffolded exploration, questioning, and discovery in relation to well-
defined learning goals” (p. 19); “one can easily imagine a game in which a child is active and
engaged but nothing is learned” (p. 20). This dimension asks how specific and well-defined
the app’s learning objective is.

1 (Low). No well-defined learning objective; the app is purely for entertainment (“just a
game”).

2 (Moderate). A vague literacy or math objective: the app is plainly “educational” in
intent, but no specific target skills can be identified from the app or its materials.

3 (High). A clearly defined learning objective with named target subskills—typically evi-
denced by an explicit scope and sequence, curriculum or standards alignment, mastery
criteria, or adaptive leveling toward specified skills (e.g., “addition and subtraction
facts to 12 taught as number families”).

Coding note. The objective need not be an academic content skill: a training program
targeting named cognitive processes (e.g., visuo-spatial skills or working memory, with defined
tasks and progression rules) can also score 3. Specificity, not subject matter, is what is rated.
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C Additional Sensitivity Check Figures

Figure C.1: Cumulative Forest Plot by Sample Size
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Figure C.2: Funnel Plot
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Notes: The z-axis shows Cohen’s d (aggregated ES) and the y-axis shows the standard error of d. The dotted
vertical line is the pooled ES.

39



Figure C.3: P-curve
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Note: The observed p-curve includes 59 statistically significant (p < .05) results, of which 47 are p <.025.
There were 82 additional results entered but excluded from p—curve because they were p > .05.

Notes: The x-axis shows the p-value and the y-axis shows the proportion of significant ES at each p-value.
The red line represents the null distribution, the blue line represents the observed distribution.
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