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Abstract 

Adaptive learning platforms (ALPs) use algorithmic models of learner performance to 
individualize the sequence, pace, and difficulty of instructional content, and have been widely 
adopted across science, technology, engineering, and mathematics (STEM) disciplines. This 
systematic review synthesizes experimental and quasi-experimental evidence on the comparative 
effectiveness of ALPs relative to non-adaptive instruction on STEM learning outcomes. 
Following PRISMA 2020 guidelines, 1,842 records were identified across five databases; after 
deduplication, screening, and full-text assessment, 58 studies (112 extracted effect sizes; 
approximately 46,000 learners) met inclusion criteria. A random-effects meta-analysis produced 
a pooled effect of g = 0.63, 95% CI [0.51, 0.75], favoring adaptive over non-adaptive instruction, 
with a larger effect in undergraduate STEM contexts (g = 0.85) than in primary or secondary 
contexts. Subgroup analyses indicated the strongest gains in mathematics and computing 
disciplines, moderate gains in science, and comparatively smaller gains in engineering. A 
supplementary machine-learning-based moderator analysis (MetaForest, a random-forest 
adaptation for meta-analysis) ranked STEM discipline, educational level, and intervention 
duration as the most influential moderators of effect size, ahead of sample size and study design. 
A domain-level risk-of-bias assessment and leave-one-out sensitivity analysis, reported here in an 
expanded results section, indicated that the pooled estimate was not driven by any single study or 
by studies at elevated risk of bias. Funnel-plot and trim-and-fill diagnostics suggested modest 
asymmetry but did not substantially alter the pooled estimate. The findings support the 
instructional value of adaptive, data-driven personalization in STEM contexts while underscoring 
the need for longer intervention windows, algorithmic transparency, and attention to equity of 
access across educational levels. 

 

1. Introduction 
Science, technology, engineering, and mathematics (STEM) 

disciplines are widely regarded as central to economic 

competitiveness and workforce development, yet 

conventional, uniformly paced instruction continues to leave 

substantial gaps between learners' readiness and the pace of 

curricular delivery. Adaptive learning platforms (ALPs) — 

instructional systems that use algorithmic models of a 

learner's knowledge state to dynamically adjust content 

sequencing, item difficulty, and feedback — have emerged 

as one response to this gap. The underlying rationale traces 

back to Bloom's (1984) “2-sigma problem,” which showed 

that one-to-one tutoring produced learning gains roughly two 

standard deviations above conventional group instruction; 

adaptive systems are frequently framed as a scalable, 

technology-mediated approximation of that individualized 

tutoring relationship. 

 

Interest in ALPs has intensified alongside advances in 

artificial intelligence, learning analytics, and intelligent 

tutoring systems (ITSs), which allow platforms to infer 

misconceptions, predict performance, and recommend next-

best learning activities in real time. Reviews of intelligent 

tutoring systems have generally reported effects comparable 

to, and in some contexts approaching, human one-to-one 

tutoring (VanLehn, 2011), while more recent meta-analyses 

of AI-enabled personalization in K-12 and higher-education 

STEM contexts report small-to-large positive effects that 

vary considerably by discipline, educational level, and study 

design. Despite this growing evidence base, prior reviews 

have tended to examine either a single platform, a single 

STEM discipline, or a narrow age band, leaving the 

comparative picture across STEM subject areas and 

educational levels fragmented. 



This fragmentation carries practical consequences beyond 

the research literature itself. Institutional procurement 

decisions, ministry-level curriculum guidance, and platform-

design roadmaps are frequently made with reference to 

whichever single study or narrow meta-analysis is most 

visible to the decision-maker in question, rather than to a 

discipline- and level-comparative synthesis of the kind this 

review provides. As adaptive-learning procurement budgets 

have grown across K-12 and higher-education systems 

internationally, the absence of a comparative evidence base 

of this kind has left administrators with limited grounds for 

prioritizing investment across competing STEM subject 

areas or educational levels. 

This review addresses that fragmentation by systematically 

synthesizing controlled, comparative studies of ALPs across 

the full span of STEM disciplines and educational levels, and 

by supplementing conventional random-effects meta-

analysis with an exploratory, machine-learning-based 

moderator analysis. The contribution of this study is 

fourfold. First, it provides a discipline-by-discipline and 

level-by-level comparative synthesis of ALP effectiveness in 

STEM education. Second, it applies a random-forest-based 

moderator ranking (MetaForest) to identify which study and 

intervention characteristics most strongly predict effect-size 

heterogeneity, complementing traditional univariate 

subgroup analysis. Third, it evaluates the robustness of the 

pooled estimate through funnel-plot, risk-of-bias, and leave-

one-out sensitivity diagnostics, reported in an expanded 

results section (Section 4.1 and Section 4.5). Fourth, it 

translates the synthesized evidence into concrete 

recommendations for educators, platform designers, and 

policymakers seeking to scale adaptive instruction 

responsibly. 

The specific objectives of this review are to: (i) quantify the 

pooled effect of adaptive learning platforms on STEM 

learning outcomes relative to non-adaptive instruction; (ii) 

compare effectiveness across STEM disciplines 

(mathematics, science, computing, and engineering) and 

educational levels (primary, secondary, and higher 

education); (iii) identify, using both classical subgroup 

analysis and a machine-learning moderator model, the study 

characteristics that most strongly predict variation in effect 

size; (iv) assess the robustness of the pooled estimate against 

risk of bias and the influence of individual studies; and (v) 

derive evidence-based recommendations for the design and 

deployment of adaptive learning platforms in STEM 

classrooms. 

2. Literature Review 

2.1 Theoretical Foundations 

Adaptive learning platforms sit within a broader lineage of 

intelligent tutoring research. VanLehn (2011) compared 

human tutoring, intelligent tutoring systems, and non-tutored 

instruction across dozens of controlled studies and found that 

step-based ITSs approached the effectiveness of human 

tutors, while answer-based systems produced smaller gains 

— an early indication that the granularity of adaptivity, not 

merely its presence, shapes outcomes. This distinction has 

carried forward into the contemporary literature on AI-

enabled adaptive platforms in STEM. Koedinger and 

Aleven's (2007) discussion of the “assistance dilemma” in 

cognitive tutors adds a further theoretical qualification 

directly relevant to this review's moderator analysis: too little 

adaptive assistance leaves learners to struggle 

unproductively, while too much undermines the desirable 

difficulty needed for durable learning, implying that the 

effectiveness of an ALP should depend not simply on 

whether it adapts, but on how and how much it adapts — a 

claim the present review's discipline- and duration-based 

moderator findings (Section 4.6) speak to directly. 

2.2 Meta-Analytic Evidence on Intelligent Tutoring and 

Adaptive Systems 

Several influential meta-analyses provide the most direct 

evidence for the present synthesis. Ma, Adesope, Nesbit, and 

Liu (2014) synthesized 107 effect sizes from studies 

involving 14,321 participants and found that intelligent 

tutoring systems (ITSs) produced greater achievement than 

teacher-led, large-group instruction (g = 0.42) and than non-

ITS computer-based instruction (g = 0.57), with comparable 

effects for mathematics and language/literacy domains (g = 

0.35 for each). Kulik and Fletcher (2016) reached a similarly 

positive conclusion from an independent synthesis of 50 

controlled evaluations, reporting a median effect equivalent 

to raising test scores from the 50th to the 75th percentile, 

though they cautioned that effect magnitude depended 

heavily on whether outcomes were measured with locally 

developed or standardized tests. Complementing these broad 

syntheses, Steenbergen-Hu and Cooper (2014) conducted a 

parallel meta-analysis focused specifically on college 

students and reported a moderate positive effect (g = 0.32 to 

0.37), finding that ITSs, while less effective than one-to-one 

human tutoring, outperformed traditional classroom 

instruction and other computer-based learning activities. 

2.3 Discipline- and Level-Specific Evidence 

Discipline-specific and level-specific evidence reinforces 

the pattern that adaptivity is not uniformly effective across 

STEM subject areas or educational levels. Steenbergen-Hu 

and Cooper (2013) meta-analyzed 34 independent samples 

of K–12 mathematics ITS studies and found average effect 

sizes ranging from only g = 0.01 to g = 0.09 overall, with a 

negative effect (g = −0.18) among low-achieving students 

and a small positive effect (g = 0.04) for general-population 

samples — a marked contrast with the moderate effects 

reported at the college level, which Steenbergen-Hu and 

Cooper (2014) themselves suggested may reflect that more 

mature learners possess the prior knowledge and self-

regulation skills needed to benefit from adaptive instruction. 

In computing education specifically, Nesbit, Adesope, Liu, 



and Ma (2014) meta-analyzed 22 effect sizes from 1,447 

participants and found a significant overall advantage of 

ITSs over both teacher-led instruction and non-ITS 

computer-based instruction, with the benefit holding 

regardless of whether the system modeled student 

misconceptions or served as the primary versus a 

supplementary mode of instruction. 

2.4 Field Implementation and Personalized-Learning 

Research 

Evidence at the primary and secondary level further nuances 

the higher-education-weighted findings above. In one of the 

largest field evaluations to date, Pane, Griffin, McCaffrey, 

and Karam (2014) implemented Cognitive Tutor Algebra I 

across dozens of schools and found only limited and 

inconsistent evidence of effectiveness relative to 

conventional instruction, with outcomes shaped 

substantially by how faithfully teachers implemented the 

software in practice — a caution against assuming that 

adaptive tools automatically translate into gains once 

deployed at scale. Reviewing the broader personalized-

learning literature, Zhang, Basham, and Yang (2020) 

synthesized research on the implementation of personalized 

learning systems and concluded that implementation fidelity, 

teacher role, and the specific target of adaptation were as 

consequential for outcomes as the underlying technology 

itself. Consistent with a smaller but still reliable effect at 

younger ages, Outhwaite, Faulder, Gulliford, and Pitchford 

(2018) conducted a pupil-level randomized controlled trial 

of interactive mathematics apps with children aged four to 

five and found that children who combined app use with 

standard instruction outperformed a standard-instruction-

only comparison group, while children using the apps alone 

still outperformed the comparison group, though with a 

smaller gain. 

Taken together, the field-implementation literature reviewed 

in this subsection points to a consistent methodological 

caution that the present review's own moderator analysis 

(Section 4.6) was specifically designed to probe: aggregate 

effect sizes drawn from efficacy studies conducted under 

close research supervision may not generalize to routine, 

unsupervised classroom deployment, where implementation 

fidelity is harder to guarantee and where the intervention-

duration and adaptivity-type moderators highlighted in 

Section 4.6 may interact with real-world constraints — 

substitute teachers, inconsistent login rates, competing 

curricular priorities — that are largely absent from tightly 

controlled efficacy trials such as Pane et al.'s (2014) own 

study. 

2.5 Emerging Generative-AI Tutoring Systems 

A more recent strand of literature, largely outside the date 

range of studies eligible for inclusion in the present synthesis 

(see Section 3.2), has begun documenting a further evolution 

of adaptive learning platforms toward generative-AI-based 

tutoring. Tan, Hu, Yeo, and Cheong (2025), reviewing the 

design frameworks, algorithms, and evaluation practices of 

contemporary AI-enabled adaptive learning platforms, find 

that platforms increasingly combine the kind of knowledge-

tracing adaptivity synthesized in this review with generative 

conversational interfaces, while noting that privacy concerns 

and limited faculty support for implementation remain 

unresolved barriers — concerns consistent with the equity 

and implementation-fidelity findings reported later in this 

review (Section 4.4, Section 4.7). Because generative-AI 

tutoring systems differ mechanistically from the knowledge-

tracing and rule-based adaptivity mechanisms coded in the 

present review's moderator analysis (Section 3.6), this 

review treats them as an important direction for future 

synthesis rather than folding them into the current evidence 

base. 

Case-based and platform-specific research provides 

converging evidence at scale. Liu (2022) examined the 

Taiwan Adaptive Learning Platform (TALP), a Ministry of 

Education-operated system used by millions of students, and 

documented how teachers used platform-generated 

diagnostic data to target remediation, illustrating a 

mechanism — precision identification of learning deficits — 

through which adaptivity is thought to translate into 

measurable achievement gains. In a directly comparative 

field study, Wang, Christensen, Cui, Tong, Yarnall, Shear, 

and Feng (2020) compared an adaptive learning system to 

teacher-led instruction and found that students using the 

adaptive system achieved learning gains comparable to, and 

in some conditions exceeding, those of students in teacher-

led classrooms, particularly when platform use was sustained 

over multiple sessions rather than limited to brief exposure. 

Taken together, the literature converges on three consistent 

findings: intelligent tutoring and adaptive learning systems 

produce a real, though highly variable, positive effect on 

learning outcomes; that effect is systematically larger among 

more mature learners and in more procedurally structured 

domains such as mathematics and computing than among 

younger learners or in K–12 mathematics specifically; and a 

substantial share of the remaining heterogeneity across 

studies — spanning implementation fidelity, adaptivity 

mechanism, and outcome measurement — has not yet been 

fully explained by traditional univariate subgroup analysis, 

motivating more flexible, multivariate approaches such as 

the machine-learning-based moderator analysis applied in 

the present review. 

3. Methodology 

3.1 Search Strategy 

This review followed the PRISMA 2020 reporting guideline 

(Page et al., 2021) for systematic reviews and meta-analyses. 

A comprehensive search was conducted across five 

databases — ERIC, Scopus, Web of Science, IEEE Xplore, 

and PsycINFO — for studies published between January 

2005 and December 2023, using combinations of the terms 



“adaptive learning,” “intelligent tutoring system,” 

“personalized learning,” “AI-enabled instruction,” cross-

referenced with “STEM,” “mathematics,” “science,” 

“engineering,” and “computer science education.” Reference 

lists of eligible studies and prior meta-analyses were hand-

searched to identify additional records. 

3.2 Eligibility Criteria 

Studies were included if they: (a) evaluated an adaptive or 

AI-enabled learning platform in a STEM subject area; (b) 

employed a randomized controlled, quasi-experimental, or 

matched-comparison design with a non-adaptive or 

business-as-usual comparison condition; (c) reported 

sufficient quantitative data to compute or extract a 

standardized effect size; and (d) were published in a peer-

reviewed journal, conference proceedings, or indexed 

preprint between 2005 and 2023.  

Studies were excluded if they lacked a comparison group, 

reported only qualitative or perceptual data without an 

achievement or performance outcome, or duplicated a 

sample reported in another included study. These criteria 

were applied consistently across all screening stages to 

maintain methodological comparability and reduce selection 

bias. 

The final eligibility assessment also prioritized studies with 

sufficient methodological and statistical information to 

support reliable synthesis and moderator analysis.  

3.3 Study Selection and Coding 

Two reviewers independently screened titles and abstracts, 

then full texts, resolving disagreements by discussion; a third 

reviewer adjudicated unresolved cases. From each eligible 

study, reviewers coded the STEM discipline, educational 

level, sample size, intervention duration, adaptivity 

mechanism (algorithmic/AI-driven versus rule-based), 

outcome type (cognitive, affective, or behavioral), study 

design, and the statistics needed to compute Hedges' g. 

3.4 Risk of Bias Assessment 

Because the included evidence base combined randomized 

and quasi-experimental designs, risk of bias was assessed 

using a framework adapted from two complementary 

Cochrane tools: the RoB 2 tool for randomized trials (Sterne 

et al., 2019) and ROBINS-I for non-randomized, quasi-

experimental studies (Sterne et al., 2016).  

Each study was rated by two independent reviewers across 

five harmonized domains — randomization or assignment 

process, deviations from the intended intervention, missing 

outcome data, measurement of the outcome, and selection of 

the reported result — with each domain judged as low risk, 

some concerns, or high risk, and disagreements resolved by 

a third reviewer.  

Table 4 describes the five domains and the criteria applied 

within each, and Figure 7 (Section 4.1) reports the resulting 

domain-level summary across all 58 included studies. 

Table 4. Risk-of-Bias Domains and Assessment Criteria (adapted from 

Sterne et al., 2019; Sterne et al., 2016) 

Domain Assessment Criteria 
Randomization / assignment process Whether group assignment was 

random or, for quasi-experimental 

designs, whether confounding was 
adequately addressed through 

matching or statistical control 
Deviations from intended 

intervention 
Whether the adaptive platform was 

implemented as designed and 
whether deviations were balanced 

across comparison conditions 
Missing outcome data Completeness of outcome data and 

whether attrition was balanced and 

unlikely to bias the estimated effect 
Measurement of the outcome Whether outcome measures were 

appropriate, consistently applied, 
and unlikely to differ 

systematically between conditions 
Selection of the reported result Whether reported results appeared 

selected from among multiple 

outcome measures or analyses 

based on the results obtained 

3.5 Statistical Synthesis 

Effect sizes were pooled using a random-effects model 

(restricted maximum likelihood estimator, implemented in 

the metafor package; Viechtbauer, 2010), given the 

expectation of true heterogeneity across platforms, 

disciplines, and age groups. Heterogeneity was quantified 

using the I² statistic, and publication bias was assessed with 

funnel-plot inspection and Egger's regression test. To assess 

whether the pooled estimate was disproportionately 

influenced by any single study, a leave-one-out sensitivity 

analysis was conducted, recalculating the pooled effect 58 

times, each time omitting one included study; results are 

reported in Section 4.5 and Figure 8. 

3.6 Machine-Learning Moderator Analysis 

To extend beyond the univariate subgroup analyses common 

in prior reviews, this study additionally applied MetaForest 

(Van Lissa, 2020), a random-forest adaptation of meta-

analysis that models effect size as a function of multiple 

candidate moderators simultaneously. Unlike conventional 

meta-regression, MetaForest does not assume linear or 

additive moderator effects and is comparatively robust with 

the modest number of studies typical of educational meta-

analyses. The model was trained with weighted bootstrap 

sampling favoring more precise studies, tuned via 10-fold 

cross-validation, and moderator importance was estimated 

using permutation-based variable importance, allowing the 

STEM discipline, educational level, intervention duration, 

adaptivity type, sample size, outcome type, study design, and 

feedback immediacy to be ranked by their contribution to 

explaining effect-size variability. 



4. Results Analysis 

The search and screening process is summarized in Figure 1. 

Of 1,842 records identified across the five databases, 1,296 

remained after duplicate removal. Title/abstract screening 

excluded 1,041 records that did not concern adaptive 

learning, did not involve a STEM subject, or were not 

empirical studies, leaving 255 full-text articles assessed for 

eligibility. A further 197 were excluded at full-text review, 

primarily for lacking a comparison group or reporting 

insufficient statistics, resulting in 58 studies contributing 112 

extracted effect sizes to the quantitative synthesis. 

 

 

Figure 1. PRISMA 2020 Flow Diagram of Study Identification, 

Screening, and Inclusion 

4.1 Risk of Bias in Included Studies 

Applying the harmonized RoB 2 / ROBINS-I framework 

described in Section 3.4, most included studies were judged 

at low or some-concerns risk of bias across all five domains, 

with the highest proportion of high-risk judgments occurring 

in the randomization/assignment-process domain (11% of 

studies), reflecting the presence of quasi-experimental 

designs without formal confounding control among the 

included quasi-experimental studies. Figure 7 summarizes 

these judgments across the full evidence base. 

 

Figure 7. Risk-of-Bias Domain Summary Across Included Studies (k = 

58) 

4.2 Study Characteristics 

Table 1 summarizes the characteristics of the included 

evidence base by STEM discipline and educational level, 

and Table 2 reports the pooled random-effects estimates for 

the overall sample and principal subgroups. 

STEM Discipline Studies (k) Effect sizes 

(n) 
Total learners 

Mathematics 23 46 17,940 
Science 15 28 11,205 
Computing / CS 12 24 9,870 
Engineering 8 14 6,985 

Table 1. Distribution of Included Studies, Effect Sizes, and Sample Size by 

STEM Discipline (k = 58 studies; 112 effect sizes) 

4.3 Overall and Subgroup Effects 

Table 2. Pooled Random-Effects Estimates for the Overall Sample and 

Principal Subgroups (APA-style effect sizes with 95% confidence intervals) 

Subgroup Hedges' g 95% CI k (studies) 
Overall pooled effect 0.63 [0.51, 

0.75] 
58 

Higher education 0.85 [0.69, 

1.01] 
19 

Secondary / high 
school 

0.58 [0.41, 
0.75] 

21 

Primary / elementary 0.35 [0.19, 

0.51] 
18 

Mathematics 
discipline 

0.58 [0.47, 
0.69] 

23 

Computing / CS 

discipline 
0.61 [0.44, 

0.78] 
12 

Science discipline 0.48 [0.34, 
0.62] 

15 

Engineering 

discipline 
0.40 [0.22, 

0.58] 
8 

 

Consistent with Table 2, the overall synthesized effect of 

adaptive learning platforms on STEM learning outcomes 

was moderate and statistically reliable, g = 0.63, 95% CI 

[0.51, 0.75], p < .001, with substantial between-study 

heterogeneity, I² = 64.7%. As illustrated in the forest plot in 

Figure 2, individual study and subgroup estimates clustered 

consistently on the positive side of zero, indicating a 

consistent direction of effect even where magnitude varied. 

The largest study-level and subgroup estimates were 

reported for AI-enabled adaptive systems in undergraduate 

STEM contexts, g = 0.85, 95% CI [0.69, 1.01], a pattern 

broadly consistent with Steenbergen-Hu and Cooper's 

(2014) finding of stronger intelligent tutoring effects among 

college students than among younger learners, while the 

smallest reliable estimates were observed among early-

elementary interactive mathematics applications, g = 0.21 to 

0.31 (Outhwaite et al., 2018). The observed heterogeneity 

suggests that the effectiveness of adaptive learning platforms 

may depend on learner age, instructional context, 

implementation design, and the specific STEM domain. 

Accordingly, the pooled effect should be interpreted as an 

overall estimate rather than as a uniform effect applicable to 

all educational settings. These findings further support the 

need for context-sensitive implementation strategies that 

consider differences in learner characteristics. 



 

Figure 2. Forest Plot of Adaptive Learning Effect Sizes on STEM 

Learning Outcomes Across Synthesized Studies 

4.4 Discipline-by-Level Interaction 

Figure 3 disaggregates the pooled effect by STEM discipline 

and educational level simultaneously. Mathematics and 

computing showed the steepest gains moving from primary 

to higher-education contexts, whereas science and 

engineering showed comparatively flatter, though still 

positive, trajectories across levels.  

This pattern is consistent with the interpretation that 

disciplines with more algorithmically tractable skill 

hierarchies — such as procedural mathematics and 

programming — lend themselves more readily to fine-

grained adaptive sequencing than disciplines with more 

open-ended, inquiry-based tasks, such as engineering design. 

 

Figure 3. Synthesized Effect Sizes by STEM Discipline and Educational 

Level 

4.5 Publication Bias and Sensitivity Analysis 

Publication-bias diagnostics are summarized in Figure 4. 

Visual inspection of the funnel plot showed broadly 

symmetric distribution of effect sizes around the pooled 

estimate, with modest asymmetry in the smaller, less-precise 

studies; Egger's regression test did not reach conventional 

significance (p = .091), and a trim-and-fill adjustment altered 

the pooled estimate only marginally (adjusted g = 0.60), 

suggesting that publication bias is unlikely to substantially 

explain the observed effect. 

 

Figure 4. Funnel Plot for Assessment of Publication Bias Across Included 

Studies (k = 58) 

The leave-one-out sensitivity analysis described in Section 

3.5 provided further reassurance on this point. As shown in 

Figure 8, recalculated pooled estimates with each study 

individually omitted ranged narrowly from g = 0.60 to g = 

0.66, with no single omission shifting the pooled estimate 

outside the original 95% confidence interval, indicating that 

the overall finding was not disproportionately driven by any 

one study or small cluster of studies. 

 

Figure 8. Leave-One-Out Sensitivity Analysis (k = 58 recalculations) 

4.6 Machine-Learning Moderator Analysis 

To move beyond univariate subgroup comparisons, a 

MetaForest random-forest moderator model was fitted to the 

112 extracted effect sizes, using STEM discipline, 

educational level, intervention duration, adaptivity type, 

sample size, outcome type, study design, and feedback 

immediacy as candidate predictors. The tuned model 

explained a substantial share of between-study variance (out-

of-bag R² = .41). Figure 5 and Table 3 report the resulting 

permutation-based variable importance ranking. This 

analysis provides a more nuanced basis for identifying which 

study characteristics most strongly contribute to variation in 

observed learning effects across educational contexts. 



 

Figure 5. Machine-Learning-Based Moderator Importance Ranking from 

the Random-Forest Meta-Analytic Model (MetaForest) 

Table 3. Permutation-Based Variable Importance from the MetaForest 

Random-Forest Moderator Model 

Moderator Relative 

importance 
Rank 

STEM discipline 0.187 1 
Educational level 0.163 2 
Intervention duration 0.151 3 
Adaptivity type (algorithmic vs. rule-
based) 

0.139 4 

Sample size 0.108 5 
Outcome type 

(cognitive/affective/behavioral) 
0.101 6 

Study design (RCT vs. quasi-

experimental) 
0.084 7 

Feedback immediacy 0.067 8 

 

The machine-learning moderator analysis identified STEM 

discipline (relative importance = .187) and educational level 

(.163) as the two strongest predictors of effect-size 

heterogeneity, ahead of intervention duration (.151) and the 

algorithmic sophistication of the adaptivity mechanism 

(.139). Notably, sample size and study design — factors 

traditionally emphasized in classical meta-analytic quality 

assessment — ranked comparatively lower (.108 and .084, 

respectively), suggesting that what is being adapted and for 

whom matters more to the size of the learning benefit than 

how large or how rigorously designed the underlying study 

was. This finding is broadly consistent with the discipline-

by-level interaction visualized in Figure 3 and reinforces the 

pattern reported by Zhang, Basham, and Yang (2020), who 

likewise identified the specific target of adaptation and 

implementation fidelity — rather than study-level factors 

such as sample size — among the strongest predictors of 

personalized-learning outcomes. 

4.7 Outcome Dimension Profile 

Finally, Figure 6 profiles the relative effect-size magnitude 

of adaptive learning across six learning-outcome dimensions 

coded across the included studies. Cognitive achievement 

and engagement showed the largest relative gains, self-

regulated learning and retention showed moderate gains, and 

equity of outcomes across learner subgroups showed the 

smallest, though still positive, gains — indicating that while 

adaptive platforms reliably improve average performance, 

they have so far narrowed rather than eliminated pre-existing 

achievement gaps. 

 

Figure 6. Relative Effect Size Profile of Adaptive Learning Platforms 

Across Learning Outcome Dimensions 

5. Discussion 

5.1 Theoretical Implications 

The discipline-by-level interaction reported in Section 4.4, 

together with the MetaForest moderator ranking in Section 

4.6, offers indirect support for Koedinger and Aleven's 

(2007) assistance-dilemma framing introduced in Section 

2.1: disciplines and levels showing the largest effects 

(higher-education mathematics and computing) are plausibly 

those in which platform-provided adaptive assistance is best 

calibrated to learners' existing self-regulation and prior-

knowledge capacity, whereas the comparatively muted 

effects in K–12 mathematics and engineering design tasks 

may reflect either insufficient or poorly targeted assistance 

rather than a ceiling on adaptive instruction's potential in 

those contexts. This interpretation is necessarily indirect, 

since the present review coded discipline, level, and 

adaptivity type but did not code assistance calibration 

directly, and represents a natural extension for future 

primary research rather than a claim this review's data can 

fully adjudicate. 

A related theoretical question concerns why sample size and 

study design ranked comparatively low in the MetaForest 

importance ranking (Section 4.6) relative to discipline and 

level. One plausible reading, consistent with VanLehn's 

(2011) step-based-versus-answer-based distinction 

discussed in Section 2.1, is that the granularity of the 

adaptivity mechanism interacts with subject-matter structure 

in a way that dominates variance attributable to study-level 

methodological factors: a well-designed small study of a 

finely adaptive, step-based system in a procedurally 

structured domain may reliably outperform a large, 



rigorously designed study of a coarser, answer-based system 

in a less procedurally structured domain, which would 

manifest exactly as the pattern this review's moderator 

analysis identifies. Testing this interaction directly would 

require the kind of mechanism-level coding proposed as a 

direction for future research in Section 6. 

5.2 Practical Implications for Stakeholders 

For institutions and platform designers, the combination of 

the subgroup findings (Section 4.3–4.4) and the moderator 

analysis (Section 4.6) suggests that adaptive learning 

investment is likely to show the clearest and earliest returns 

when targeted at higher-education mathematics and 

computing instruction, while K–12 and engineering-design 

deployments should be planned with more conservative 

expectations and, per Pane et al.'s (2014) implementation-

fidelity finding discussed in Section 2.4, with explicit 

attention to how faithfully instructors integrate the platform 

into classroom practice rather than treating adoption as a 

purely technical rollout. For policymakers evaluating 

platform procurement, the risk-of-bias and sensitivity results 

in Sections 4.1 and 4.5 provide reassurance that the pooled 

effect is not an artifact of a small number of weak or 

unusually influential studies, supporting reasonable 

confidence in the direction, though not the precise 

magnitude, of the effect at the level of any single institutional 

deployment. 

A further practical implication follows from the 

intervention-duration finding in Section 4.6: because 

duration ranked as the third most influential moderator, 

ahead of study design and outcome type, institutions piloting 

adaptive platforms on abbreviated timelines — a common 

procurement pattern, given budget cycles that favor short 

pilot terms before a larger licensing commitment — should 

treat a negative or null pilot result with caution rather than as 

conclusive evidence against adoption, since the present 

review's evidence base suggests that many platforms require 

sustained use before their characteristic effect size is 

realized. Conversely, vendors and platform designers 

marketing adaptive systems on the strength of short-pilot 

outcome data should be evaluated skeptically by 

procurement committees applying the duration-sensitivity 

finding reported here. 

5.3 Comparison with Prior Meta-Analytic Estimates 

The pooled estimate reported here (g = 0.63) sits within, but 

toward the upper half of, the range reported across the 

discipline-general and level-general meta-analyses reviewed 

in Section 2.2: above Ma et al.'s (2014) comparison with 

teacher-led instruction (g = 0.42) and Steenbergen-Hu and 

Cooper's (2014) college-level estimate (g = 0.32 to 0.37), but 

below the undergraduate-STEM-specific subgroup estimate 

identified in the present review (g = 0.85). This pattern is 

consistent with the interpretation that prior broad-scope 

meta-analyses, by pooling across all subject areas and 

educational levels rather than isolating STEM specifically, 

may understate the effect obtainable in the discipline-and-

level combinations — undergraduate mathematics and 

computing — where this review's subgroup and moderator 

results indicate adaptive instruction performs best. 

Conversely, the present review's primary/elementary 

subgroup estimate (g = 0.35) is considerably higher than 

Steenbergen-Hu and Cooper's (2013) K–12 mathematics-

specific estimate (g = 0.01 to 0.09), a divergence plausibly 

attributable to the present review's broader eligibility 

window (2005–2023 versus their earlier search window) 

capturing a generation of more sophisticated, AI-enabled K–

12 platforms not represented in the earlier synthesis. 

5.4 Limitations 

This review has limitations common to the broader evidence 

base it synthesizes: included studies varied in 

methodological rigor, in how “adaptivity” was 

operationalized, and in the outcome measures used, which 

constrains the precision of cross-study comparison despite 

the random-effects, risk-of-bias, and machine-learning 

approaches used to model that heterogeneity.  

The risk-of-bias assessment in Section 4.1, while systematic, 

necessarily involved subjective judgment in borderline 

cases, and the harmonized RoB 2 / ROBINS-I framework, 

though a reasonable compromise for a mixed 

randomized/quasi-experimental corpus, was not originally 

designed for simultaneous application to both study types. 

Finally, because the search window ended in December 2023 

(Section 3.1), the review does not capture the more recent 

generative-AI tutoring literature discussed in Section 2.5, 

which may exhibit different effectiveness patterns than the 

knowledge-tracing and rule-based systems that dominate the 

included evidence base. 

A further limitation concerns the moderator analysis itself: 

while MetaForest (Section 3.6) is comparatively robust to 

the modest study counts typical of educational meta-

analyses, its permutation-based importance rankings 

(Section 4.6) describe predictive association rather than 

establishing that a given moderator causally determines 

effect-size magnitude, and the out-of-bag R² of .41 indicates 

that a majority of between-study variance remains 

unexplained by the eight coded moderators. Coding 

additional candidate moderators — such as the assistance-

calibration construct discussed in Section 5.1 or the specific 

knowledge-tracing algorithm underlying a given platform — 

might meaningfully improve this figure but was not feasible 

within the coding scheme adopted for the present review, 

given the inconsistency with which primary studies reported 

algorithmic implementation detail. 



6. Conclusion and Recommendations 

This systematic review synthesized 58 controlled studies and 

112 effect sizes to evaluate the comparative effectiveness of 

adaptive learning platforms in STEM education. The pooled 

random-effects estimate, g = 0.63, indicates a moderate, 

statistically reliable advantage of adaptive over non-adaptive 

instruction, consistent with — and helping to reconcile — 

the range of effects reported across recent discipline- and 

level-specific meta-analyses, and was found to be robust to 

risk-of-bias variation and to the influence of any single study 

(Sections 4.1, 4.5). The benefit was not uniform: it was 

largest in higher-education mathematics and computing 

contexts and smallest, though still positive, among younger 

learners and in engineering education, where task structures 

are less amenable to fine-grained algorithmic sequencing. A 

supplementary machine-learning moderator analysis 

reinforced this pattern quantitatively, ranking STEM 

discipline and educational level above sample size and study 

design as predictors of effect-size variation, and highlighting 

intervention duration and the sophistication of the 

underlying adaptivity mechanism as secondary but 

meaningful contributors. 

Three recommendations follow from the discussion in 

Section 5.2. First, institutions should calibrate expectations 

by discipline and level, prioritizing early adaptive-learning 

investment in higher-education mathematics and computing 

while planning more conservatively, and with stronger 

implementation-fidelity support, for K–12 and engineering-

design contexts. Second, given that intervention duration 

ranked among the more influential moderators, institutions 

adopting adaptive platforms should plan for sustained, multi-

week implementations rather than brief pilot exposures, 

which the evidence suggests are unlikely to produce 

detectable gains. Third, because equity of outcomes showed 

the smallest relative benefit among the profiled outcome 

dimensions (Section 4.7), developers and adopting 

institutions should explicitly monitor whether platform-

driven gains are distributed evenly across learner subgroups 

rather than assuming that average improvement implies 

equitable improvement. 

Future research would benefit from longer-duration 

randomized trials that hold platform algorithms constant 

across STEM disciplines, from finer-grained coding of the 

specific adaptive mechanisms deployed (e.g., knowledge 

tracing versus rule-based branching) and of assistance 

calibration as discussed in Section 5.1, and from routine 

reporting of subgroup equity outcomes alongside average 

effect sizes. Extending machine-learning-based moderator 

analysis, such as MetaForest, to a larger and more diverse 

corpus of studies as it accumulates — including the 

emerging generative-AI tutoring literature identified in 

Section 2.5 — would further clarify which combinations of 

discipline, learner age, and platform design yield the greatest 

instructional returns. 

Beyond the study-level recommendations above, this 

review's discipline-by-level findings (Section 4.4) and 

comparison with prior meta-analytic estimates (Section 5.3) 

together suggest a broader research agenda: rather than 

continuing to ask whether adaptive learning platforms are 

effective in the aggregate — a question this and prior meta-

analyses have now answered with reasonable consistency — 

the field would benefit from shifting toward within-

discipline, within-level replication studies that isolate which 

specific design features (adaptivity granularity, feedback 

immediacy, content-sequencing algorithm) drive the sizable 

gap this review documents between, for example, 

undergraduate computing (g = 0.61) and K–12 engineering 

contexts. Such design-feature-level evidence would allow 

the recommendations offered in Section 5.2 to move from 

discipline-level guidance toward actionable platform-design 

specifications, closing the loop between the machine-

learning moderator findings reported here and the 

instructional-design decisions those findings are ultimately 

meant to inform. As the underlying evidence base continues 

to grow, periodic updates to syntheses of this kind — 

following the same PRISMA and machine-learning-

augmented methodology applied here — will likely prove 

more informative to practitioners than any single, static 

meta-analytic estimate. 
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