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Abstract

Although artificial intelligence (Al) is reshaping music education, outcome-oriented quan-
titative syntheses remain relatively limited. This mixed-methods review examined the
effects of Al-assisted music learning on learning motivation, self-regulated learning (SRL),
and creative performance, while identifying learner-, task-, and time-related boundary
conditions and clarifying how Al support is implemented and experienced. A three-level
meta-analysis was used for quantitative integration, complemented by a qualitative synthe-
sis of implementation pathways and learner experiences. Results showed positive trends
across all three core domains, with different levels of statistical support and substantial
heterogeneity. Learning motivation showed the most robust evidence (g = 1.28), creative
performance showed a larger but highly heterogeneous effect (¢ = 1.21), and SRL showed
a preliminary positive trend (g = 0.57). The task complexity x prior ability interaction
provided tentative, directional evidence for learner—task fit, mainly for motivational out-
comes. Dose-related analyses suggested a possible asynchronous pattern: motivational
gains may emerge rapidly in the short term, whereas gains in higher-order cognition may
become more evident under sustained intervention. Qualitative synthesis identified three
Al implementation pathways—evaluative feedback, generative support, and adaptive
personalization—suggesting that effectiveness depends less on technological complexity it-
self than on aligning Al roles with task demands and learner needs. Future research should
strengthen long-term designs, deepen SRL-related evidence, and examine the adaptive
effects of different Al roles across diverse music learning contexts.

Keywords: artificial intelligence assistance; boundary conditions; music education; motiva-
tion; self-regulated learning; creativity; higher-order cognition; three-level meta-analysis

1. Introduction

Against the backdrop of digitalized education and the rapid development of generative
artificial intelligence, artificial intelligence (AI) has become a major topic in educational
technology research and has gradually expanded into such areas of music learning as
practice, feedback, assessment, and creative production (Cheng, 2025; Xia et al., 2025).

However, despite continuous technological advancement, improvements in the quality
of music learning still depend to a considerable extent on the coordinated development of

J. Intell. 2026, 14, 126

https://doi.org/10.3390/jintelligence14070126


https://crossmark.crossref.org/dialog?doi=10.3390/jintelligence14070126&domain=pdf&date_stamp=2026-07-01
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/jintelligence
https://www.mdpi.com
https://orcid.org/0009-0000-8840-7312
https://doi.org/10.3390/jintelligence14070126

J. Intell. 2026, 14, 126

2 0f29

learners’ internal systems. More specifically, learning motivation, self-regulated learning
(SRL), and creative performance may be regarded as three interrelated core dimensions
of music learning, corresponding respectively to the motivational basis of learning en-
gagement, the regulatory mechanisms operating throughout the learning process, and
higher-level learning outcomes. Importantly, SRL and creativity not only reflect learn-
ers’ higher-order cognitive activity at the individual level, but may also be understood
as important manifestations of abilities closely related to intelligence (Karwowski et al.,
2016; Sternberg, 1999; Veenman et al., 2004). SRL, which relies on metacognitive moni-
toring, strategy selection, and adaptive regulation, is closely associated with intellectual
development and plays an important role in complex learning tasks (Veenman et al., 2004;
Y. Wang et al., 2025; Zimmerman, 2002). Creativity, by contrast, refers to the ability to
generate ideas or products that are both novel and valuable; within the theory of successful
intelligence, it is regarded as an important component of the broader intelligence system,
and empirical research has shown that it is stably associated with intellectual performance
(Karwowski et al., 2016; Runco & Jaeger, 2012; Sternberg, 1999). From this perspective,
examining how Al is associated with this coordinated system—particularly the ways in
which it may support or interfere with higher-order cognition and intelligence-related
activity—is essential for understanding the educational value of Al-assisted learning.

In recent years, however, review studies have mainly focused on application scenarios
and pedagogical integration in Al-supported music education (Cheng, 2025; Mazlan et al.,
2026), the classification of tools and technical systems (A. Dash & Agres, 2024; Kyriakou
et al., 2024), and such issues as instructional challenges, ethics, and future directions
(Cheng, 2025; Fang, 2026; Mazlan et al., 2026). By contrast, evidence synthesis on deeper
learner outcomes remains relatively limited, especially with respect to the systematic
quantitative integration of three core outcomes: learning motivation, SRL, and creative
performance. More importantly, existing research still lacks sufficiently integrated evidence
regarding the boundary conditions of Al effects across different learners, task requirements,
and intervention durations, as well as the mechanisms through which such effects are
implemented. In other words, the educational significance of Al-assisted learning lies not
only in whether it shows positive effects on average, but also in whether such effects can be
interpreted in a relatively stable and meaningful way across different conditions. Without
closer attention to these issues, our understanding of heterogeneous findings remains
constrained, and the practical value of the research for precision teaching and differentiated
support is weakened.

At the methodological level, conventional meta-analysis also has limitations in ad-
dressing the complex forms of heterogeneity involved here. To evaluate this “motivation—
process—outcome” system more comprehensively, many empirical studies simultaneously
measure and report multiple related outcomes—such as motivation, SRL, and creativity—
within the same independent sample, thereby violating the assumption of effect-size
independence in traditional meta-analysis. To address this issue, the present study adopts a
three-level meta-analysis, which makes it possible to model the nesting and dependence of
multiple effect sizes within studies and, on this basis, to examine more complex moderation
effects, such as the interaction between task cognitive complexity and prior ability. At
the same time, because quantitative models alone are still insufficient to fully capture the
concrete implementation of Al support and the lived experiences of learners, this study
further incorporates a qualitative synthesis to complement the contextual and mechanistic
insights underlying the statistical findings.

In sum, existing reviews have provided valuable insights into Al tools, application
scenarios, pedagogical integration, and ethical challenges in music education. However,
less is known about how Al-assisted music learning is associated with deeper learner
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outcomes, how these associations vary across learner-, task-, and time-related conditions,
and how different forms of Al support are implemented in specific educational contexts.

2. Theoretical Framework
2.1. Internal Driving Mechanisms of the Main Effects

Al-assisted learning may produce baseline main effects through a dual pathway of
psychological activation and cognitive scaffolding. According to self-determination theory
(SDT), learners’ intrinsic motivation is more likely to be activated when their needs for
autonomy and competence are supported (Deci & Ryan, 2000). In music learning, the
immediate feedback, low-risk trial-and-error space, personalized suggestions, and gen-
erative support offered by Al may enhance learners’ sense of control and competence,
thereby increasing engagement and willingness to persist in practice (Cheng, 2025; Ou
et al., 2025). At the same time, SRL theory emphasizes that complex music learning de-
pends on learners’ active regulation during practice, monitoring, correction, and reflection
(Zimmerman, 2002). In this process, Al may function as an external scaffold by supporting
feedback acquisition, error detection, process monitoring, and structured reflection, thereby
providing external support for learners’ planning, evaluation, and adjustment (W. Li et al.,
2025; Zimmerman, 2002).

However, such support does not necessarily translate directly into immediate or
uniform improvements in SRL, because the development of regulatory ability depends
more strongly on learners’ active appropriation and sustained use of strategies than on
the mere presence of external support itself (Mieder & Bugos, 2017; Zimmerman, 2002).
By contrast, when Al lowers barriers to task entry, strengthens learning engagement, and
expands the space for idea generation, creative performance is more likely to be activated
within a shorter period of time; however, such gains still depend on whether learners use
Al support in an active, critical, and iterative manner (Xia et al., 2025; Balta-Salvador et al.,
2026). This interpretation is also consistent with prior creativity research showing that
motivational orientation can shape ideational flexibility and thereby further influence the
quality of creative thinking (Y. Li et al., 2019).

Based on this logic, the present study proposes that Al-assisted learning may show
an overall positive tendency across learning motivation, SRL, and creative performance,
although the magnitude, robustness, and underlying mechanisms of these effects may
differ across outcome domains.

2.2. Learner and Task Boundaries

From the perspective of cognitive load theory (CLT), the value of instructional sup-
port lies not in simply adding information, but in helping learners reduce unnecessary
extraneous load and preserve limited cognitive resources for schema construction and
complex processing (Sweller, 1988; van Merriénboer & Sweller, 2005). Furthermore, the
expertise reversal effect suggests that the same external scaffold may support learners with
low prior ability but become redundant for those with high prior ability; when scaffolds
are mismatched with existing schemas, deep processing may be inhibited rather than
facilitated (Kalyuga et al., 2003). Recent theoretical integrations have also suggested that
cognitive load not only affects information processing but may also generate motivational
costs that reduce learners’ willingness and capacity to invest in a task (Evans et al., 2024;
Feldon et al., 2019).

In Al-assisted music learning contexts, this implies that the effect of Al support may
not be determined by learners’ prior ability or task cognitive complexity in isolation, but
rather by the degree of fit between them. In other words, the effectiveness of Al intervention
may be subject to clear learner and task boundaries: when scaffold strength, task demands,
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and learners’ existing ability levels are appropriately matched, Al is more likely to function
supportively; when they are mismatched, its facilitating effects may weaken or even result
in cognitive redundancy or processing interference.

2.3. Theoretical Temporal Boundaries

Early educational technology research suggested that when learners first encounter a
new medium, its novelty may produce short-term gains in motivation and engagement;
however, such initial advantages do not necessarily translate into stable learning gains
(Clark, 1983). Later longitudinal studies similarly showed that the engagement benefits
brought by technological tools may be strongest at the beginning, while this “novelty
advantage” may diminish as learners become more familiar with the tool, thereby requiring
deeper forms of instructional support to sustain continued effects (Jeno et al., 2019; Tsay
et al., 2020).

In Al-assisted music learning, positive effects at low doses may therefore appear
mainly as heightened interest, novelty-driven feedback salience, or short-term gains in
self-efficacy. By contrast, higher-level outcomes such as SRL and creative performance
are typically more cumulative and lagged: The former depends on sustained cycles of
monitoring and reflection (Zimmerman, 2002), whereas the latter requires longer periods of
practice, strategy internalization, and the integration of generative processing. This is also
consistent with broader creativity research suggesting that real-life creativity often depends
on deeper internal cognitive pathways (Y. Li et al., 2022). Consequently, different outcome
variables may not develop synchronously under Al intervention, but may instead follow a
staged process in which motivational activation appears first and higher-order cognitive
gains become progressively externalized over time.

From this temporal perspective, the present study examines whether observed out-
come patterns vary by intervention dose, but does not assume a simple linear accumulation
of benefits. Rather, different learning outcomes may follow distinct developmental trajecto-
ries. In particular, motivational outcomes may be more likely to emerge in the early stages
of intervention, whereas higher-order outcomes such as SRL and creative performance may
become more evident only over longer time spans.

2.4. Positioning of the Present Study and Research Questions

Music learning is not merely a cognitive task, but involves the coordination of cognitive
processing, affective engagement, bodily action, auditory-motor adjustment, and subjective
aesthetic judgment. This ecological specificity means that Al-assisted music learning should
be examined not only in terms of average effects, but also in terms of how Al support is
embedded in concrete musical action and human judgment.

Building on the preceding theoretical discussions of psychological activation, cognitive
scaffolding, learner—task fit, and temporal boundaries, the core purpose of this study is to
address the current evidence gap in Al-assisted music learning regarding outcome-oriented
quantitative integration, differentiated boundary testing, and the linked interpretation
of implementation mechanisms. Specifically, by combining a three-level meta-analysis
with a qualitative synthesis, this study examines the average intervention effects and
evidential robustness of Al-assisted music learning on learning motivation, SRL, and
creative performance, while further exploring whether these outcomes vary according to
learner conditions, task complexity, and intervention duration.

Given the substantial heterogeneity across educational levels, task types, Al tools, and
measurement approaches, as well as the ecological complexity of music learning, this study
is framed as an exploratory evidence synthesis. Effect estimates are therefore interpreted as
context-sensitive patterns rather than as universally generalizable causal estimates. This

https://doi.org/10.3390/jintelligence14070126


https://doi.org/10.3390/jintelligence14070126

J. Intell. 2026, 14, 126

50f29

positioning allows the study to map the current evidence landscape, identify potential
boundary conditions, and clarify how different forms of Al support are implemented
and experienced in specific educational settings. Accordingly, this study addresses the
following four exploratory research questions (RQ):

RQ1: What effects of Al-assisted music learning are observed on learners” motivation,
SRL, and creative performance?

RQ2: Do task cognitive complexity and learners’ prior ability interactively moderate
the outcomes of Al-assisted music learning?

RQ3: Does intervention dose moderate the effects of Al-assisted music learning?

RQ4: In Al-assisted music learning contexts, how is Al support for learners’ motiva-
tion, SRL, and creative performance concretely implemented and experienced, and what
common patterns and key differences emerge?

3. Methods
3.1. Literature Search and Screening Strategy

This study adopted a mixed systematic review design that combined three-level meta-
analysis with qualitative synthesis, and literature identification, screening, and reporting
were conducted in accordance with the PRISMA 2020 statement (Page et al., 2021). The
systematic literature search was completed on 27 March 2026 and aimed to identify, as
comprehensively as possible, empirical studies examining the effects of Al-assisted music
learning on learning motivation, SRL, and creative performance. The study protocol was not
prospectively registered. However, to enhance transparency and reproducibility, complete
records of the search strategies, eligibility criteria, screening decisions, extracted effect
sizes, moderator coding, and qualitative coding materials were maintained throughout the
review process.

To maximize coverage and representativeness, five major electronic databases were
searched, yielding an initial total of 3400 records. The databases and initial retrieval counts
were as follows: Web of Science Core Collection (WOS, n = 883), Scopus (n = 2147), the
American Psychological Association databases PsycInfo and PsycArticles (n = 84), the
Education Resources Information Center (ERIC, n = 45), and the Répertoire International de
Littérature Musicale (RILM, n = 241). The search strategy was constructed around three core

i

concepts: “artificial intelligence,” “music learning,” and “target psychological outcomes.”

The complete database-specific search strategies are provided in Supplementary Materials,
Table S1.

The screening process consisted of three sequential steps: removal of records before
screening, title-and-abstract screening, and full-text eligibility assessment. First, records
that were clearly outside the review scope because of publication type or language were
removed, and duplicate records were identified through Excel-assisted comparison and
manual cross-checking (see Figure 1). Two independent researchers checked titles, authors,
publication years, sources, and DOI information to minimize the risk of missing duplicate
records. After this step, 1399 records remained for title-and-abstract screening.

Next, the two researchers independently reviewed the titles and abstracts of these
records and excluded studies that clearly did not meet the inclusion criteria, including
studies without Al-assisted music learning, studies without relevant outcome measures,
non-empirical studies, and retracted publications. Finally, the remaining full-text reports
were assessed against the predefined inclusion and exclusion criteria, as detailed in Table 1.
Any disagreements during screening or eligibility assessment were resolved through
discussion; if consensus could not be reached, a third senior researcher was consulted
for adjudication.
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Figure 1. PRISMA diagram.

Table 1. Interaction of task cognitive complexity and prior ability. Note: k = number of studies or
effect sizes; b = regression coefficient; SE = standard error; CI = confidence interval.

Outcome . Primary Supplementary .
Domain kStudies K Effects Three-Level Model  Cluster-Robust Model Interpretation
b=-110,SE=1.65  b=—2.03,SE = 0.89, Tenta;xe" isrllgtr}‘gmant
Motivation 13 28 95% CI[—4.34,2.14], 95% CI[-3.77, —0.29], ly
- 506 p=.022 supplementary
p=- ’ robust model
Hicher-order b=-0.12,SE =3.11, b=-0.72,SE = 0.83,
c%) iton 10 33 95% CI [—6.21, 5.97], 95% CI [—2.34, 0.91], Not supported
gn p=.969 p=.386

To accommodate different methodological traditions, the included studies were then allo-

cated to two parallel analytical pathways. Specifically, 23 experimental or quasi-experimental
studies with complete statistical data were included in the quantitative meta-analysis (W. Li
et al.,, 2025; Yin & Guo, 2025; L. Zhang, 2025; Xin, 2024; Yuan, 2024; H. Liu & Guo, 2025; Ou
et al., 2025; K. Wang & Zhang, 2025; S. Wang, 2025; Gai, 2025; Lv, 2023; B. Liu & Liao, 2025; X.
Wang, 2025; P. Liu, 2025; C. Zhang & Li, 2025; X. Liu et al., 2022; Xu & Xu, 2024; N. Li & Wu,
2025; Tao, 2026; Zhuang & Li, 2025; Kuldanov et al., 2025; Baxi et al., 2025; B. Dash et al., 2025),
whereas 12 studies containing qualitative designs were included in the qualitative synthesis.
It should be noted that two of the final included studies used mixed-methods designs and
therefore contributed to both the quantitative and qualitative components of the review.

https://doi.org/10.3390/jintelligence14070126


https://doi.org/10.3390/jintelligence14070126

J. Intell. 2026, 14, 126

7 of 29

3.2. Scope of the Review and Treatment of Educational Contexts

Music education encompasses highly diverse settings, ranging from early-childhood
initiation and formal classrooms to instrumental training and informal learning. The present
review does not aim to cover all forms of Al use in music education. Instead, it focuses
on empirical studies of Al-assisted music learning that reported learner outcomes related
to learning motivation, SRL, or creative performance. Therefore, studies concerned only
with AI music-generation technology, music information retrieval, software development,
or general discussions of Al in music education without learner-outcome evidence were
outside the scope of this study.

Even within this outcome-focused scope, the included studies span diverse contexts
(e.g., instrumental practice, composition, and human-Al interactive performance). Due to
the limited number of studies per context and the overlapping nature of the interventions,
we did not treat these educational settings as separate quantitative subgroups. Instead, this
contextual diversity serves as an essential interpretive backdrop. The pooled quantitative
estimates should be understood as broad, context-sensitive evidence patterns rather than
uniform effects applicable to all music education, while our qualitative synthesis further
unpacks how Al support is implemented across these specific settings.

3.3. Outcome Extraction Categories

(1) Motivation-related outcomes: This category included a range of proximal subjective in-
dicators reflecting learners’ motivational states, primarily academic motivation, learning
interest, self-efficacy, and perceived task value. According to self-determination theory
and expectancy—value theory, learners” motivation in music learning—especially in
complex artistic creation or performance tasks—does not operate as a single component,
but rather as a constellation of interrelated dimensions, including interest, competence
beliefs, value judgments, and engagement states (Evans, 2015; Sin et al., 2022). In Al-
assisted contexts, generative and feedback-based tools often reduce barriers to entry,
provide immediate feedback, and enhance learners’ sense of control, thereby prefer-
entially activating interest, self-efficacy, and willingness to engage. Accordingly, these
theoretically related and empirically interlinked subdimensions were grouped under
“motivation-related outcomes” in order to capture, as comprehensively as possible, the
awakening effect of Al on learners’ motivational systems at the early stage of learning.

(2) SRL outcomes: This category focused on learners’ self-monitoring and strategic reg-
ulation during the learning process, including metacognitive ability, deep learning
strategies, information processing and cognitive regulation, as well as critical re-
flection. Because these variables jointly reflect learners” active regulation in goal
setting, process monitoring, strategy adjustment, and reflective evaluation, they were
classified as self-regulation-related outcomes.

(3) Creative performance outcomes: This dimension captures indicators of higher-order
divergent thinking and the quality of aesthetic output. Specifically, these outcomes
include creative products, expert or teacher ratings, standardized creativity indicators,
and creative self-beliefs, in line with the view that creativity involves both originality
and effectiveness (Runco & Jaeger, 2012).

3.4. Coding Criteria for Core Moderators

Two independent researchers systematically coded key moderator variables, resolving
disagreements through discussion or a third reviewer. All results were cross-checked before
entry to ensure consistency.

To address sparse data distribution in the quantitative moderation testing, learning
outcomes were regrouped into two overarching categories: affective-motivational out-
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comes and higher-order cognition (combining SRL and creative performance). Conversely,
the qualitative synthesis examined SRL and creativity separately to preserve specific mech-
anistic insights. This regrouping was used only for moderator analyses and was motivated
by the limited number of available studies within some outcome-by-moderator cells. Con-
ceptually, SRL and creative performance are not identical. SRL emphasizes goal setting,
monitoring, strategic adjustment, and reflection, whereas creative performance emphasizes
originality, aesthetic judgment, and the quality of generated products. However, both
require learners to move beyond simple task completion and engage in higher-level moni-
toring, selection, revision, and evaluative judgment. For this reason, they were combined
pragmatically as “higher-order cognition” only when testing moderators. To avoid concep-
tual overgeneralization, the main-effect models estimated SRL and creative performance
separately, and the qualitative synthesis also interpreted their implementation pathways
and learner experiences separately. Findings for higher-order cognition should therefore be
read as pragmatic moderator-level evidence rather than as evidence that SRL and creativity
respond to Al support in the same way.

Initially, learners’ prior ability and task cognitive complexity were coded into three
levels (low, medium, and high). Low-complexity tasks involved explicit goals and basic
imitation; medium tasks required flexible rule application and continuous monitoring;
high-complexity tasks were open-ended, demanding the deep integration of multiple
musical elements and imposing a high cognitive load.

However, to prevent sparse data cells and improve statistical power—particularly when
testing interactions—these variables were collapsed into a binary contrast (low/medium vs.
high) for the final moderator analyses. This allowed for a clearer comparison between
high-level and non-high-level conditions. Nevertheless, the original three-level coding
was retained during data extraction, and the binary contrast should not be interpreted as
evidence that low and medium levels are theoretically identical.

Two additional study-level subgroup variables were coded for supplementary anal-
yses. Measurement tool type was coded as standardized/established tools versus self-
developed or unclear tools. Studies using established scales, standardized tests, clearly
defined performance assessments, or established expert-rating frameworks were classified
as standardized/established. Studies using self-developed questionnaires, local rating
rubrics, teacher/expert ratings with limited psychometric reporting, system-generated
indicators, or tools with unclear validation were classified as self-developed /unclear.

Al support type was coded according to the dominant pedagogical function of the
technology: evaluative feedback only, generative support only, adaptive/personalized
only, or hybrid Al support. Because some Al-support categories contained fewer than
three studies within specific outcome domains, these cells were retained descriptively
but were not formally interpreted in the subgroup analysis. The extracted effect-size
classification table, including the classification of outcome domains and moderator-related
coding information, is provided in Supplementary S2.

3.5. Effect-Size Computation and Statistical Analysis Strategy
3.5.1. Effect-Size Computation

Hedges’ g was used as the common effect-size metric across all three research questions
in order to correct for small-sample bias (Hedges, 1981). Whenever possible, effect sizes
were calculated directly from post-intervention means, standard deviations, and sample
sizes for the Al and comparison groups. When these statistics were unavailable, equivalent
information—including ¢ values, F values, p values, and standard errors—was converted
into Hedges’ g using standard meta-analytic procedures. For studies reporting pretest—
posttest data, the most direct calculation route was used, with priority given to intervention-
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related change information when clearly reported. All effect sizes were coded in a positive
direction, such that positive values always indicated more favorable outcomes or greater
improvement under the Al-assisted condition. The extracted effect sizes and outcome
classifications used for the meta-analytic models are provided in Supplementary S3.

3.5.2. Model Specification for Main and Moderating Effects

Because many primary studies reported multiple eligible outcome indicators from
the same sample, the present study used three-level random-effects models to appro-
priately account for the statistical dependence among effect sizes (Assink & Wibbelink,
2016; Cheung, 2014; Van den Noortgate et al., 2013). In these models, Level 1 represented
sampling variance, Level 2 represented within-study heterogeneity, and Level 3 repre-
sented between-study heterogeneity. All models were estimated using restricted maximum
likelihood (REML). Model specifications for each research question were as follows.

(1) For RQ1, separate intercept-only models were fitted for creative performance, SRL,
and learning motivation in order to preserve the theoretical independence of the three
outcome domains and estimate the average intervention effect for each domain. At
the same time, to improve the transparency of cross-domain comparisons and to
avoid giving disproportionate weight to studies reporting multiple similar indicators,
a descriptive synthesis was also conducted by first averaging effect sizes within
studies and then summarizing the overall weighted means, medians, and related
descriptive statistics.

(2) For RQ2, separate three-level mixed-effects meta-regression models were fitted for
motivation and higher-order cognition (defined as the combination of creativity and
SRL) in order to test the main effects of task cognitive complexity and prior ability, as
well as their joint moderating effect through the interaction term.

(3) For RQ3, a three-level meta-regression model was specified, including intervention
dose, outcome domain, and their interaction, in order to examine whether dose-related
patterns differed across outcome types (motivation and higher-order cognition). To
facilitate the interpretation of potential threshold-like patterns, predicted marginal
effects were further estimated across the three dose levels.

Across these models, moderator analyses were consistently reported using regression
coefficients (b or interaction coefficients), standard errors, 95% confidence intervals, and
two-sided p values. Residual heterogeneity was described using the Level 2 and Level 3
variance components together with multilevel versions of Q and I when informative
(Cheung, 2014; Higgins et al., 2003).

Supplementary subgroup analyses were further conducted for measurement tool type
and Al support type. Given the small number of studies in several subgroup cells, only cells
with sufficient study representation were formally interpreted, and all subgroup findings
were treated as exploratory.

3.5.3. Robustness Checks, Sensitivity Analyses, and Publication Bias

To comprehensively evaluate the stability of the findings, the following procedures
were conducted. Publication bias diagnostics were not treated as a central inferential
procedure in the present study. This is because several analyses were based on multilevel
structures, dependent effect sizes, or relatively small numbers of independent study clusters
within specific outcome domains or moderator cells, conditions under which funnel-plot
asymmetry and Egger-type tests are of limited interpretive value. Instead, the stability of
the findings was primarily evaluated through a series of robustness and sensitivity analyses,
including cluster-robust estimation, leave-one-study-out analyses, and the exclusion or
adjustment of extreme and nonstandard effect sizes.
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(1) Supplementary RVE analyses. To determine whether the treatment of dependent effect
sizes affected the moderator findings, both RQ2 and RQ3 were additionally re-estimated
using inverse-variance-weighted meta-regression with study-clustered robust standard
errors, following the literature on robust variance estimation (RVE). These analyses were
treated as supplementary robustness checks to the primary three-level models (Hedges
et al., 2010; Pustejovsky & Tipton, 2022; Tipton, 2015; Tipton & Pustejovsky, 2015).

(2) Sensitivity analyses. These included leave-one-study-out analyses; targeted exclusion of
effect sizes flagged during extraction as rough estimates or nonstandard approximations;
deletion, winsorization, or truncation of extreme effect sizes (e.g., absolute values greater
than 3.00); and direction-recoding checks for negatively oriented subscales.

(3) Publication bias. The present review included multiple effect sizes from the same
studies and used multilevel models to account for their dependence. Therefore,
publication-bias diagnostics were conducted at the outcome-domain level rather than
by pooling all effect sizes together. Funnel plots were used to visually inspect small-
study effects, Egger’s regression was used to provide a statistical test of funnel-plot
asymmetry, and trim-and-fill analysis was used as a supplementary adjustment-based
diagnostic (Duval & Tweedie, 2000; Egger et al., 1997). Because some outcome domains
included a limited number of independent study clusters, these diagnostics were
interpreted as exploratory evidence rather than as definitive tests of publication bias.

3.5.4. Software and Decision Criteria

All statistical analyses were conducted in the R environment, and the three-level mod-
els were estimated using the metafor package (Viechtbauer, 2010). Statistical significance
was evaluated at o = 0.05 using two-tailed tests. In interpreting the findings, the study
considered not only p-values, but also the absolute magnitude, precision, and consistency
of effects across outcome domains and robustness models. The core R scripts used for the
main meta-analytic analyses of the research questions are provided in Supplementary S4.

3.6. Qualitative Synthesis Analysis

To address RQ4, the qualitative synthesis adopted a structured thematic approach,
focusing on how Al support was implemented in music learning and how learners experi-
enced such support.

First, two independent researchers extracted process- and experience-related informa-
tion from the included qualitative and mixed-methods studies. The extracted information
included the author(s), title, research design, specific music learning activity and Al type,
target outcome domain (motivation, SRL, or creativity), form of Al assistance, concrete
implementation strategy, learner experience, and original textual evidence.

Second, the coding process was conducted in three stages. In the first stage, “imple-
mentation codes” were assigned to identify the pedagogical role of Al in music learning,
such as evaluative feedback, generative support, or adaptive personalization. In the second
stage, “experience codes” were assigned to capture learners’ responses during Al-supported
learning, such as increased interest, reduced anxiety, self-monitoring, critical filtering, or
creative exploration. In the third stage, the initial codes were compared across studies and
grouped into broader themes, resulting in three main implementation pathways.

Third, because the qualitative synthesis in this study was used primarily to comple-
ment the meta-analytic findings by providing contextual and mechanism-oriented explana-
tions of Al implementation and learner experience, rather than as a standalone qualitative
systematic review, no formal score-based quality appraisal using a single appraisal tool
was conducted. The qualitative evidence contributed by the included studies was heteroge-
neous in form, including semi-structured interviews, open-ended responses, reflective logs,
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classroom observations, interaction records, and brief descriptions of learner experience.
To avoid applying an inappropriate uniform scoring system to different types of evidence,
the interpretive contribution of each qualitative source was considered according to three
aspects: the clarity of the qualitative data source, the transparency of the analytic procedure,
and the directness of evidence concerning Al implementation or learner experience.

Overall, studies that clearly reported interviews, open-ended responses, reflective
logs, or systematic observations and provided direct evidence of learner experience were
given greater interpretive weight in theme development. Studies that relied mainly on
author interpretation, classroom description, or limited experiential statements were used
more cautiously and treated primarily as contextual support. This approach allowed the
synthesis to retain useful evidence concerning Al implementation and learner experience
while avoiding overinterpretation of weaker qualitative materials.

Finally, any disagreements during coding and theme generation were resolved
through discussion; when consensus could not be reached, a third reviewer was consulted
for adjudication.

4. Results
4.1. Risk of Bias Assessment and Conflict-of-Interest Statements

Risk-of-bias assessment was conducted for all studies included in the meta-analysis
(detailed characteristics of these 23 included studies are presented in Table S2 of Supplemen-
tary Materials). Specifically, the 15 controlled clinical trials (CCTs) were evaluated using
the ROBINS-I framework (see Figure 2), whereas the 8 randomized controlled trials (RCTs)
were assessed using the RoB 2 tool (see Figure 3). Overall, the methodological quality of the
included studies was at a moderate level. Although no study was rated as high risk, there
was also a lack of high-quality studies that could be considered low risk overall. Across bias
domains, measurement bias, insufficient implementation of randomization, and inadequate
control of confounding factors emerged as the most common methodological limitations.
Accordingly, the findings should still be interpreted with caution.

Risk of bias domains
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D7: Bias in selection of the reported result.

Overall risk of bias

Figure 2. Risk-of-bias assessment of the included CCT studies.
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Figure 3. Risk-of-bias assessment of the included RCT studies.

In addition, with regard to independence screening, the 23 empirical studies included
in this review generally demonstrated a relatively high degree of objectivity. The systematic
review did not identify any major potential conflicts of interest involving specific software
developers or commercial profit-oriented institutions. With respect to funding disclosure,
the vast majority of studies either explicitly stated that they had not received any specific
financial support or did not report funding information.

4.2. Overall Intervention Effects of Al-Assisted Music Learning

Based on the current body of included studies, Al-assisted music learning showed
positive trends across creativity, learning motivation, and self-regulated learning (SRL),
although the magnitude and robustness of these effects differed across outcome domains.
At the descriptive level, creativity showed the largest average effect, followed by learning
motivation, whereas the overall effect for SRL was comparatively smaller. Specifically,
creativity was represented by 9 studies (N = 1790), with a study-level aggregated weighted
mean effect size of g = 1.781, a simple mean of g = 1.726, and a median of g = 1.690 (see
Figure 4). Learning motivation was represented by 13 studies (N = 1923), with a weighted
mean effect size of ¢ = 1.556, a simple mean of g = 1.344, and a median of g = 0.724. SRL
was represented by 4 studies (N = 812), with a weighted mean effect size of g = 0.583, a
simple mean of ¢ = 0.492, and a median of g = 0.632.

The formal random-effects meta-analysis further indicated that the three domains
did not show the same degree of statistical support. A significant positive overall effect
was found for creativity (g = 1.206, 95% CI [0.056, 2.355], 95% PI [-2.607, 5.019], p = .042),
and a similarly significant positive effect was found for learning motivation (g = 1.278,
95% CI[0.412, 2.144], 95% PI [—1.563, 4.119], p = .007). In contrast, the pooled effect for SRL
was positive but did not reach statistical significance in the main model (g = 0.565, 95% CI
[—0.207, 1.338], 95% PI1 [-2.030, 3.160], p = .102). Thus, the main model provided clearer
statistical support for creativity and motivation than for SRL. Because all three prediction
intervals were wide and crossed zero, these pooled effects should be interpreted as broad
average tendencies across heterogeneous contexts rather than as stable effects expected
across all Al-assisted music learning settings.
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Figure 4. Three-Level Meta-Analysis Forest Plot of Main Effects (Zhuang & Li, 2025; Baxi et al., 2025;
L. Zhang, 2025; B. Liu & Liao, 2025; H. Liu & Guo, 2025; Kuldanov et al., 2025; S. Wang, 2025; X.
Wang, 2025; P. Liu, 2025; X. Liu et al., 2022; Xin, 2024; W. Li et al., 2025; Yuan, 2024; Tao, 2026; Xu &
Xu, 2024; Ou et al., 2025; C. Zhang & Li, 2025; B. Dash et al., 2025; Lv, 2023; Yin & Guo, 2025; K. Wang
& Zhang, 2025).

https://doi.org/10.3390/jintelligence14070126


https://doi.org/10.3390/jintelligence14070126

J. Intell. 2026, 14, 126

14 of 29

At the same time, the robustness of these findings differed across domains. Learning
motivation not only remained significant in the main model, but also showed directionally
consistent and statistically significant results across the cluster-robust model and multiple
sensitivity analyses, indicating that it was the most robust outcome domain. By contrast,
although creativity was significant in both the main model and the cluster-robust model,
its heterogeneity was extremely high, and the leave-one-study-out analysis showed that
the result became non-significant after removing Zhuang and Li (2025), suggesting that the
average creativity effect was more sensitive to individual studies and model specifications.
For SRL, the effect remained non-significant in both the main model and the cluster-robust
model, and its conclusion changed under alternative coding or study-removal scenarios.

Supplementary subgroup analyses were conducted to explore possible sources of
heterogeneity. For learning motivation, positive estimates were found across measurement
types, including standardized /established tools (g = 1.356, 95% CI [0.304, 2.407], k = 8) and
self-developed or unclear tools (g = 1.221, 95% CI [—0.024, 2.466], k = 5). Motivation effects
were also positive for evaluative-feedback Al (g = 1.137, 95% CI [0.252, 2.023], k = 4) and
generative-support Al (g = 1.815, 95% CI [—0.094, 3.723], k = 5). For creative performance,
larger estimates were observed for self-developed or unclear tools (g = 1.456, 95% CI
[0.289, 2.623], k = 6) and generative-support Al (g = 2.109, 95% CI [0.363, 3.855], k = 3),
whereas hybrid Al support showed a smaller and less precise estimate (g = 0.719, 95% CI
[—0.318, 1.756], k = 4). SRL subgroup cells contained fewer than three studies and were not
formally interpreted. These subgroup findings should be interpreted as exploratory rather
than confirmatory.

These average effects should be interpreted in relation to the diverse music learning
contexts represented in the included studies. Motivation-related effects were often observed
in settings where AI lowered the threshold for participation or made practice more imme-
diately responsive, such as intelligent piano learning, AR-supported piano practice, violin
practice applications, and Al-enhanced early-childhood music activities. Creativity-related
effects were more often linked to composition, songwriting, generative music production,
and human-AI co-creation tasks. In contrast, SRL-related outcomes appeared to depend
more on whether Al feedback was repeatedly used for goal setting, monitoring, strategy
adjustment, and reflection. Thus, the pooled effects should be read as context-sensitive
average patterns rather than as uniform effects across all forms of music education.

4.3. Interactive Moderating Effects of Task Complexity and Prior Ability

To address RQ2, we examined whether task cognitive complexity (low/medium vs.
high) and learners’ prior ability (low/medium vs. high) jointly moderated the effects of
Al-supported music learning on motivation and higher-order cognition. Higher-order
cognition was operationalized as self-regulated learning and creativity. Given the non-
independence of multiple effect sizes extracted from the same study, we treated the three-
level meta-regression as the primary analytic model and used a cluster-robust weighted
meta-regression as a supplementary robustness check. Overall, evidence for a task complex-
ity x prior ability interaction was limited and outcome-specific: tentative support emerged
for motivation, whereas no robust interaction was observed for higher-order cognition.

For motivation, the interaction between task cognitive complexity and prior ability
was negative but not statistically significant in the primary three-level meta-regression,
b=-1.10, SE=1.65,z = —0.67, p = .506, 95% CI [—4.34, 2.14] (see Table 1 and Figure 5).
Residual heterogeneity remained substantial, with level-2 variance T2{L.2} = 0.74 and level-3
variance T2{L3} =1.69, corresponding to total 12 =97.72% (level 2 = 29.70%; level 3 = 68.02%).
The residual heterogeneity test was significant, QE(24) = 784.56, p < .001. In the supple-
mentary cluster-robust model, however, the interaction for motivation reached statistical
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Model-implied effect size (g)

significance and remained in the same negative direction, b = —2.03, SE = 0.89, z = —2.29,
p =.022,95% CI[—-3.77, —0.29]. Descriptively, this pattern suggests that high-complexity
tasks may be more favorably associated with motivational outcomes among learners with
lower prior ability than among those with higher prior ability.
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Figure 5. Predicted effects for the interaction between task cognitive complexity and prior ability.

(A) Motivation; (B) Higher-order cognition (SRL + creativity). Solid lines indicate the primary
three-level model, and dashed lines indicate the supplementary cluster-robust model.

For higher-order cognition, the interaction term was likewise negative and non-
significant in the primary three-level model, b = —0.12, SE = 3.11, z = —0.04, p = .969,
95% CI [—6.21, 5.97]. Again, residual heterogeneity was substantial, with 72_{L.2} = 2.81 and
72_{L3} = 1.38, corresponding to total I?> = 97.91% (level 2 = 65.66%; level 3 = 32.25%). The
residual heterogeneity test was significant, QE(29) = 2025.77, p < .001. The supplementary
cluster-robust model produced the same directional pattern but also failed to detect a
statistically significant interaction, b = —0.72, SE = 0.83, z = —0.87, p = .386, 95% CI [-2.34,
0.91]. Thus, for higher-order cognition, the available evidence does not support a reliable
interaction between task complexity and prior ability.

Educationally, these findings suggest that learner—task fit may be especially relevant
when Al is used in open-ended or cognitively demanding music tasks, such as composition,
arrangement, improvisation, or human—AlI co-creation. However, because the interaction
was significant only for motivation in the supplementary robust model, and not in the
primary three-level model or for higher-order cognition, this finding should be interpreted
as a hypothesis-generating contextual implication rather than as robust evidence for a
general learner—task fit principle.

4.4. Dose-Related Patterns of Al-Assisted Music Learning

For the dose-based analyses, intervention duration was classified into short-term
(£7 weeks), medium-term (8-12 weeks or one academic semester), and long-term
(=13 weeks). Based on the dataset (22 studies, 87 effect sizes, N = 3318), dependence-
robust meta-regression revealed that the moderating effect of intervention dose varied
significantly by outcome domain.

Specifically, dose significantly moderated higher-order cognitive outcomes, high-
lighted by a significant long-term x higher-order cognition interaction (b = 2.24, p < .001)
(see Table 2 and Figure 6). However, this coefficient should be interpreted cautiously
because the long-term higher-order cognition subgroup contained only a small number
of studies and included several very large effect sizes. The dose slope was significant
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for higher-order cognition (b = 1.20, p < .001) but not for motivation (b = —0.07, p = .888).
Predicted marginal effects confirmed this divergence: motivational outcomes plateaued or
slightly declined across short-, medium-, and long-term interventions (1.03, 0.82, and 0.79,
respectively), whereas higher-order cognitive outcomes increased substantially across the
same levels (0.56, 0.69, and 2.23).

Table 2. Meta-regression and descriptive evidence for dose-related patterns across outcome domains.

Indicator Estimate/Pattern p Value Interpretation

Overall pooled effect g=133 L Broad average across heterogeneous
outcomes

Total heterogeneity 2 =96.8% — Very high heterogeneity

Long-term X higher-order cognition b =2.24 <.001 Higher-order cognition showed larger

estimates under long-term interventions

Dose slope within higher-order

o b=120 <.001 Positive dose-related trend
cognition
Dose slope within motivation b=-0.07 .888 No clear dose-related increase
- . Motivation did not i ith 1
Motivation: short/medium/long 1.03/0.82/0.79 — do(;éva ton did hot increase with longer
Higher—ord.er cognition: 0.56,/0.69/2.23 . 'Larger esf[imates appeared in long-term
short/medium/long interventions
e Direction generally Magnitude remained unstable due to
Sensitivity analyses . —
retained small subgroup and large effects
Motivation
3.5 Higher-order cognition
30 7 2
258
] pl s
T 257 n=2
o n=2
i 20
£ s net
SR 116 O
0.57 n=6 n=5
05 O
n=2
00 T T T
Short-term Medium-term Long-term

Intervention dose

Figure 6. Dose effects by outcome type.

Study-averaged descriptive statistics mirrored this pattern. Motivational outcomes
peaked in short-term interventions (g = 2.58, 2 studies) and stabilized in medium- (g = 1.16,
6 studies) and long-term interventions (g = 1.07, 5 studies). Conversely, higher-order cogni-
tive outcomes progressively increased from short- (g = 0.57, 2 studies) to medium- (g = 1.20,
7 studies) and long-term interventions (g = 2.71, 2 studies). This descriptive pattern was
consistent with the model-based estimates, suggesting that motivational outcomes may be
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more immediately responsive to short-term Al exposure, whereas higher-order cognitive
outcomes may become more visible under longer interventions.

Given the presence of unusually large effects (13 effect sizes > |d | = 3.00), multiple
sensitivity analyses were conducted. Winsorizing extreme values at d = 3.00 yielded a
robust pooled effect (g = 1.18, 95% CI [0.78, 1.57]) and higher-order dose slope (b = 1.10,
p <.001). Completely removing these extreme values (g = 0.92; slope b = 0.93, p = .0007)
or excluding rough /non-standard extractions (g = 1.14 to 1.16; slope b = 0.95, p = .0485)
consistently upheld the substantive conclusions. Finally, leave-one-study-out analyses
confirmed that the pooled effect (¢ range: 1.20-1.41) and the long-term advantage for
higher-order cognition remained statistically significant across all iterations. Thus, the
dose-related pattern for higher-order cognition was not solely driven by a single study or
by extreme values.

Educationally, this pattern may correspond to different forms of Al integration. Short-
term Al activities, such as introductory workshops, trial lessons, or brief creative tasks, may
be sufficient to generate novelty, interest, and perceived accessibility. By contrast, longer
interventions, such as semester-based composition projects, sustained instrumental practice
with Al feedback, or repeated human—AlI creative cycles, may provide more opportunities
for learners to internalize strategies, revise outputs, and engage in reflective regulation.
Nevertheless, because the long-term higher-order cognition subgroup contained relatively
few studies and several large effects, this finding should be interpreted as provisional
trend-based evidence rather than as evidence of a stable dose-response relationship.

4.5. Implementation, Experience, and Patterns of Al Support

The qualitative synthesis included 12 studies that provided process- or experience-
related evidence on Al-supported music learning (Addessi & Pachet, 2005; Baxi et al., 2025;
Cui, 2023; Dong et al., 2024; W. Li, 2022; Lin et al., 2025; Nakajima et al., 2026; Ou et al., 2025;
Roldan-Cardona et al., 2025; Sun, 2026; Wani et al., 2025; Yao, 2025). This section uses the
qualitative synthesis to provide a contextual interpretation of the preceding quantitative
findings. Specifically, the quantitative analyses identified the overall effects and boundary
conditions of Al-assisted music learning across motivation, SRL, and creative performance,
whereas the qualitative synthesis further clarifies how these statistical patterns may be
implemented and experienced in concrete music learning processes. By examining the
pedagogical roles of Al support, learners’ responses, and task contexts, this section helps ex-
plain why motivational outcomes appeared relatively robust, why SRL outcomes remained
less stable, and why creativity-related effects showed substantial heterogeneity.

Although SRL and creative performance were combined under higher-order cognition
in the quantitative moderator analyses, they were examined separately in the qualita-
tive synthesis because their implementation pathways and learner experiences were not
identical (Detailed characteristics of the 12 included studies are presented in Table S3 of
Supplementary Materials).

4.5.1. Pathways of Al Support Implementation

First, evaluative-feedback Al provided immediate support by constructing a “performance—
monitoring—feedback” loop. For example, a web-based Musical Instrument Digital Interface
(MIDI) platform used gesture tracking and Follow mode for real-time comparative instruc-
tion (S2), an intelligent piano system used a convolutional neural network to automatically
slow down and provide prompts when children made mistakes (S5), augmented reality
applications superimposed virtual expert movements onto the keyboard to provide audio-
visual guidance (S6), and Violy quantified violin practice performance through objective
scoring (S9).
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Second, generative-support Al expanded expressive possibilities through human-Al
co-creation. In a STEAM project, students used block-based programming to control a
social robot’s movements, voice, and sound generation, and completed situated creation
in a human—AI collaborative musical theater context (S51). In composition and interdisci-
plinary teaching contexts, learners used AIVA, Suno, or Transformer-XL to rapidly generate
melodic, harmonic, lyrical, or sound-effect materials based on style, emotion, or lyric
themes (S3, 54, S7, S10). The Continuator, in turn, enabled improvised turn-taking through
“musical mirroring” (512).

Third, adaptive and personalized Al support was manifested more clearly in its align-
ment with individual learning needs. On the one hand, learners actively used Al as a
resource for problem solving and learning support (58). On the other hand, in early child-
hood education, Al also created more adaptive learning environments through interactive
games such as Genially (S11).

4.5.2. Learners’ Subjective Experiences in Human—AI Collaborative Contexts

At the level of subjective experience, most studies suggested that learners often moved
from initial novelty activation toward a stronger sense of competence, control, or sustained
willingness to participate. At the motivational level, learners often began with feelings of
surprise, excitement, and enjoyment (51, S7, 512), which gradually developed into more
stable participation intentions through continued interaction. Gamified feedback reduced
resistance to practice (S5), while the shift from listener to creator significantly enhanced
classroom engagement (S4).

At the level of self-regulation, Al provided learners with a sense of security and control,
enabling them to engage in independent error correction and strategy adjustment even in
the absence of the teacher (S6, S9). Through information verification, proactive questioning,
and task monitoring, learners also demonstrated stronger regulatory capacity (S8). In more
complex creative tasks, this experience further took the form of repeated psychological
negotiation between algorithmic suggestions and personal intuition (S3, 510).

At the level of creative performance, learners reported a noticeable reduction in blank-
page anxiety (S10). Because Al provided multiple versions of melodies, harmonies, and
stylistic alternatives, learners also experienced greater creative freedom, more room for
trial and error, and stronger enjoyment in experimentation (S3, 54, S7).

4.5.3. Common Patterns: The Underlying Logic of AI Support

Taken together, the 12 studies revealed three relatively consistent underlying patterns.

The first was the lowering of barriers and the enhancement of willingness to participate.
Through automatic error correction (S5, S9), gesture mapping (S6), multimodal prompting
(52), or the rapid generation of melodies and lyrics (54, S7), Al reduced the entry cost
of music learning and creation, thereby shifting learners from hesitation toward active
engagement (S2, 511).

The second was novelty activation followed by reflective filtering. Al outputs often
first stimulated inspiration and attention through their novelty (57, S10, S12), and then
prompted learners to enter a reflective phase involving critical listening, version selection,
and iterative revision (S3, S7, S10), thereby reshaping the cognitive pathway of learning.

The third was human—AlI collaboration rather than technological substitution. This
was evident both in teachers’ guidance within Al-supported classrooms (S2, S4) and in
students’ rejection, modification, and regeneration of Al suggestions (510).

4.5.4. Key Differences

Clear contextual differences nevertheless emerged across studies. The first concerned
differences in cognitive maturity. For young children, Al functioned more like an interactive
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playmate or responsive partner, mainly sustaining joint attention and eliciting early vocal,
rhythmic, and musical responses (S11, S12). For university students and adult learners,
by contrast, Al functioned more as an efficiency-enhancing tool and reflective medium,
emphasizing academic control, self-efficacy, and ethical boundary awareness (S8, S10).

The second concerned differences in task goals. In practice-oriented tasks, Al was
closer to a “coach” or “mirror,” focusing on error correction, monitoring, and efficiency
enhancement; learners’ experiences were primarily characterized by a sense of certainty in
independent practice (52, S5, S6, S9). In creative tasks, Al functioned more as a “partner”
or “catalyst,” emphasizing inspiration, generation, and comparison; learners’ experiences
centered more on aesthetic decision making, overcoming anxiety, and stylistic experimen-
tation (S3, 54, S7, S10). In performance or interactive tasks, Al resembled an “actor” or
“collaborative other,” emphasizing responsiveness, co-presence, and situated participation;
learners’ experiences, therefore, were more strongly involved in joint attention, social
surprise, and immediate engagement (S1, S12).

The third concerned differences in outcomes supported by different Al types. Evaluative-
feedback Al mainly focused on self-regulation, efficacy, and practice quality (S2, S5, S6, S9).
Through immediate correction and score-based quantification of performance, it helped
learners develop a sense of control and improve performance precision during independent
practice. Generative-support Al, by contrast, primarily supported creative performance,
creative expansion, and motivational activation (53, 54, S7, S10). By rapidly providing inspi-
rational materials, it reduced creative anxiety and enabled learners to extend their creative
boundaries through aesthetic decision-making and critical filtering. Composite/adaptive
Al forms (e.g., S1, S11, S12) showed stronger inclusiveness and persistence. Their core ad-
vantage lies in dynamically adjusting environmental difficulty in response to the immediate
reactions of younger or otherwise specialized learners (adaptive property), while simulta-
neously assisting melodic generation (generative property) and significantly enhancing
vocal participation, motivational stability, and joint attention.

5. Discussion
5.1. Main Effects

The present study found that Al-assisted music learning showed an overall positive
trend across three outcome domains—creative performance, learning motivation, and
SRL—but the degree of statistical support was not equivalent across domains. Specifically,
creative performance showed the largest average effect and reached statistical significance
in the main model, although this result was accompanied by extremely high heterogeneity
and was sensitive to individual studies. By contrast, learning motivation not only reached
statistical significance in the main model but also showed the most robust and directionally
consistent pattern across alternative model specifications and sensitivity analyses, making it
the most stable outcome domain in the present review. SRL, although positive in direction,
did not reach statistical significance in the pooled analysis, and its conclusion varied
depending on coding strategies and sensitivity conditions, indicating that the current
evidence base for SRL remains relatively preliminary and should be interpreted with
caution. At the same time, the very high heterogeneity observed across several models
means that these pooled effects should not be treated as stable or context-invariant estimates.
The wide prediction intervals further support this cautious interpretation, indicating that
future studies may produce effects ranging from negligible or negative to very large
positive effects. Rather, they summarize average tendencies across studies that differed in
educational level, music learning task, Al tool, intervention duration, comparison condition,
and measurement approach. This is particularly important for creative performance, where
the average effect was large but more sensitive to individual studies and study composition.
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The supplementary subgroup analyses further suggest that part of the heterogeneity may be
related to measurement choices and the dominant pedagogical role of Al support, although
these patterns remain exploratory because several subgroup cells contained few studies.

This differentiated pattern aligns closely with specific music learning contexts. In
practice-oriented settings (e.g., instrumental or MIDI learning), Al primarily functions
as an evaluative tool. Its immediate, visual, and gamified feedback may help strengthen
learners’ interest, perceived control, and willingness to continue practicing, which helps
explain why motivation showed relatively stable evidence. However, this feedback loop
does not automatically translate into SRL, which requires sustained cycles of goal-setting
and strategy adjustment, explaining the positive yet less stable SRL outcomes.

Conversely, in creative contexts (e.g., composition and human-AlI co-creation), Al acts
as a generative resource rather than a corrective tool. By providing musical materials for
learners to revise and recombine, Al may expand the exploratory idea space and lower
entry barriers to creative production, which helps explain the positive but highly heteroge-
neous creativity effects. Ultimately, these findings highlight context-specific impacts across
feedback-driven practice, creative production, and self-regulation, rather than a uniform
effect of Al on music education as a whole.

This overall pattern is broadly consistent with the existing Al-in-education literature.
Previous studies have shown that Al support often produces a pattern of overall positive
but differentiated effects, rather than yielding uniform gains across all outcome domains.
Meta-analytic evidence has shown that generative artificial intelligence (GenAl) can sig-
nificantly enhance students’ motivation and engagement (Xia et al., 2025). By contrast,
the effects of Al on SRL appear to be more uneven, with clear variation across metacogni-
tive regulation, motivational/affective regulation, and behavioral regulation (Achuthan,
2025). Similarly, a meta-analysis of experimental studies found that ChatGPT can enhance
academic performance, affective-motivational states, and higher-order thinking, but its
effects are not consistent across all outcomes (Deng et al., 2025). Against this background,
the pattern observed in the present study—namely, relatively robust evidence for learning
motivation, comparatively strong but less stable effects for creative performance, and only
preliminary evidence for SRL—should not be regarded as inconsistent with prior research.
On the contrary, this differentiation is broadly consistent with the judgment advanced in
the present theoretical framework, namely that Al may exert a dual-pathway enabling
effect, but that different outcomes do not necessarily emerge synchronously.

Accordingly, although Al may create favorable conditions for the development of
SRL, such conditions do not necessarily translate into stable, statistically significant, and
directly measurable improvements in SRL over the short term. This further suggests
that the facilitating effects of Al are unlikely to unfold synchronously across all outcome
domains, but are more likely to be jointly moderated by such boundary conditions as
learner characteristics, task type, and intervention duration.

5.2. Learner-Task Fit

The findings concerning the interaction between prior ability and task cognitive
complexity suggest that inferential support for this interaction was generally limited. For
motivational outcomes, the interaction between prior ability and task cognitive complexity
did not reach significance in the three-level model, although it became significant in the
cluster-robust model, indicating some evidence of such an interaction but limited stability.
By contrast, for higher-order cognition, the interaction term failed to reach significance in
both models, suggesting that the current evidence remains insufficient to establish a stable
prior ability—task interaction pattern in this domain. It must be acknowledged that this
lack of statistical significance may indicate either a genuinely weak interaction effect or,
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to a large extent, reflect the limited number of studies in specific cells and the extremely
high residual heterogeneity. In some cells, the number of studies (k) was particularly
small; notably, in the higher-order cognition domain, the two low-complexity combinations
each contained only one study. Accordingly, the current findings are better interpreted
as directional evidence of adaptation rather than as a rigorously established and unified
interaction rule.

At the descriptive level, however, the observed pattern remained broadly consistent
with the theoretical framework of the present study, namely that the effectiveness of Al
scaffolding is unlikely to be determined by prior ability or task cognitive complexity alone,
but rather by the degree of fit between them (Kalyuga et al., 2003; Sweller, 1988; van
Merriénboer & Sweller, 2005).

For motivation, all prior ability-task combinations showed positive effects, but the
largest descriptive effect emerged for the “high task cognitive complexity x low/medium
prior ability” condition rather than the more intuitively expected “low/medium task cog-
nitive complexity x low/medium prior ability” condition. This suggests that, once Al
scaffolding is introduced, high-complexity tasks do not necessarily undermine learners’
engagement and may, in some cases, even generate stronger benefits. One possible expla-
nation is that when Al provides generative support, immediate feedback, and personalized
path matching in high-complexity tasks, complexity may no longer be experienced purely
as greater cost, but rather as a “manageable challenge” (Evans et al., 2024; Feldon et al.,
2019). For example, Yuan (2024) found that DeepBach significantly enhanced academic
motivation in polyphonic composition, explicitly attributing this to the simplification of
a highly complex creative process. In this sense, “fit” at the motivational level may be
reflected less in the level of task complexity itself and more in whether Al helps learners
reduce threat and enhance perceived control.

By contrast, the pattern for higher-order cognition was more closely aligned with the
deep-processing logic emphasized in the theoretical framework. In both the three-level
model and the descriptive results, larger higher-order cognitive effects were concentrated
primarily in high-complexity tasks, especially in the “high task cognitive complexity x
high prior ability” condition. This directional pattern is consistent with the CLT view
that cognitive resources should be reallocated toward schema construction and complex
processing, and it is also compatible with the basic logic of the expertise reversal effect
(Kalyuga et al., 2003; Sweller, 1988; van Merriénboer & Sweller, 2005). At the same time,
however, “high task cognitive complexity x low/medium prior ability” also showed
relatively large positive effects for higher-order cognition, suggesting that such benefits are
not strictly confined to a single “high-ability-high-complexity” pathway. In some studies,
Al did not directly replace learners’ task completion, but instead functioned as an external
organizer, feedback trigger, and reflective scaffold. Under such conditions, learners with
low or medium prior ability may also be able to engage in deeper processing that would
otherwise require more mature internal schemas. For example, W. Li et al. (2025) found that
Al-supported audio comparison feedback combined with reflection logs and generative
dialogic support significantly enhanced metacognitive ability in vocal training, rather than
merely improving basic performance skills. In other words, the positive outcomes observed
for learners with lower prior ability in high-complexity tasks do not necessarily imply
that they possessed internal schemas equivalent to those of higher-ability learners; rather,
they may indicate that Al transformed complex processing demands that would otherwise
have to be completed independently into externally available scaffolds. This does not
contradict the expertise reversal effect; instead, it reinforces the idea that the effectiveness
of scaffolding depends on its fit with learners’ schema development (Kalyuga et al., 2003).
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In addition, the distribution of studies suggests that motivation-related outcomes
appeared more often in low-complexity tasks, whereas higher-order cognition outcomes
were more often embedded in high-complexity tasks. To some extent, this pattern aligns
with the common design logic of complex learning research: lower-threshold, more clearly
structured tasks are more suitable for observing proximal responses such as engagement,
interest, and self-efficacy, whereas more open-ended and integrative tasks are better able
to capture strategy use, schema construction, and deeper processing (van Merriénboer &
Sweller, 2005). However, this natural clustering also resulted in very small sample sizes in
some cross-cells (e.g., low complexity x higher-order cognition), which further constrained
the possibility of making stronger inferential claims about specific combinations.

Overall, the present evidence does not justify a strong claim that learner-task fit is a
stable moderator across all Al-assisted music learning contexts. A more cautious interpreta-
tion is that Al scaffolding may be most useful when it helps learners handle complex music
tasks without removing their own control over musical decisions. In practical settings, this
may occur when Al simplifies a demanding composition task, provides comparison feed-
back during vocal or instrumental training, or organizes a human-AI co-creation process
into steps that learners can monitor, revise, and reflect on. In this sense, learner—task fit
should be treated as a hypothesis-generating principle for future research, rather than as a
firmly established rule.

5.3. Temporal Boundaries

The findings concerning intervention dose suggest that Al-assisted music learning
may show different temporal patterns across outcome domains, although these patterns
should not be interpreted as a precise dose-response function: motivation-related benefits
appeared more responsive to Al exposure in the early stages of intervention, whereas higher-
order cognition outcomes—such as SRL and creative performance tended to show larger
estimates under longer intervention periods. Overall, this pattern is broadly consistent with
prior work on the “novelty effect” in educational technology (Bognar & Khine, 2025; Jeno
et al.,, 2019; Tsay et al., 2020), and also aligns with the present framework of “novelty decay
and deep schema construction” (Clark, 1983; van Merriénboer & Sweller, 2005; Zimmerman,
2002). However, given the small number of long-term studies in the higher-order cognition
domain and the presence of several large effect sizes, this temporal pattern should be
understood as a provisional trend rather than as a stable developmental rule.

From an educational perspective, these temporal patterns may correspond to different
forms of Al integration. Short-term Al activities, such as introductory workshops, trial
lessons, or brief creative tasks, may be sufficient to generate novelty, interest, and perceived
accessibility. By contrast, longer interventions, such as semester-based composition projects,
sustained instrumental practice with Al feedback, or repeated human—AlI creative cycles,
may provide more opportunities for learners to internalize strategies, revise outputs, and
engage in reflective regulation. In this sense, the temporal pattern is not only a statistical
issue of intervention duration, but also a pedagogical issue of whether Al use is organized
as a one-off motivational trigger or as a repeated learning cycle.

Importantly, although motivation showed an overall declining pattern over time,
motivational effects did not disappear under long-term intervention conditions, but re-
mained positive. This suggests that so-called novelty decay does not necessarily imply
motivational failure. Rather, it may indicate that the stronger stimulus initially driven
by novelty gradually weakens and gives way to a more stable, though relatively milder,
motivational state. This interpretation is consistent with the findings of Tsay et al. (2020),
who reported in a long-term online gamified learning system that although novelty effects
were evident at the beginning, student engagement did not collapse once novelty faded,
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but could continue to be maintained under appropriate system support. In the context
of Al-assisted music learning, this suggests that although the novelty bonus of Al may
diminish, such mechanisms as immediate feedback, personalized support, and enhanced
control may still sustain continued engagement. From this perspective, the present findings
also refine earlier cautionary views on the novelty effect (Clark, 1983).

Accordingly, the temporal boundary suggested here is best understood as a difference
in outcome sensitivity rather than as a simple “longer is better” principle. For motivation,
Al may activate engagement in the early phase through novelty, immediacy of feedback,
and perceived control. By contrast, for SRL, creative performance, and other higher-order
cognition outcomes, longer exposure may provide more opportunities for reflection, strategy
internalization, iterative revision, and generative integration, but the strength and stability of
this pattern remain uncertain. In other words, the present review points to a possible dose
x outcome-type relationship, while also indicating the need for longitudinal studies that
compare different intervention durations within the same music learning context.

5.4. Mechanisms of Al Support

The qualitative synthesis of the 12 studies indicates that Al support in music learning
does not operate as a simple accumulation of functions. Rather, it is mainly implemented
through three pathways: evaluative feedback, generative support, and adaptive personal-
ization. Music tasks have a distinctive ecological character, requiring learners to coordinate
cognitive monitoring, affective expression, bodily adjustment, auditory-motor control, and
aesthetic judgment. Therefore, the same Al function may carry different educational mean-
ings across practice, performance, composition, and human—AlI co-creation contexts. It is
through such situated human-AlI interaction that Al support may become associated with
motivational activation, SRL-related experiences, and the expansion of creative exploration.

At the level of learner experience, the key contribution of the present study lies not
in demonstrating that Al improves a single specific skill, but in revealing the underlying
psychological mechanisms through which these gains are generated. Across the qualitative
evidence, what appears to matter is not novelty per se, but whether novelty can be trans-
formed into competence, control, and agency. This is consistent with the core proposition
of self-determination theory, namely that short-term interest is more likely to develop
into sustained engagement when the learning environment supports learners’ competence
and autonomy. In the music learning domain, such autonomy support has likewise been
shown to enhance practice quality and engagement by fostering more self-determined
forms of motivation (Bonneville-Roussy & Evans, 2025; Ryan & Deci, 2020). However,
in music learning, competence and control are not merely cognitive perceptions; they
are often experienced through concrete musical action. For example, learners may hear
improvements in pitch and rhythm, adjust bodily movement or vocal production, and
compare Al feedback with their own auditory and expressive goals. This helps explain
why evaluative-feedback Al may be particularly useful when it makes musical progress
audible, visible, and actionable. At the same time, such feedback does not automatically
translate into SRL; it may support self-regulatory processes only when learners actively
use it for goal setting, process monitoring, strategy adjustment, and reflection.

At the same time, the common patterns and key differences identified in this study
may be understood as two sides of the same Al-supported music learning ecology. The
former captures a shared enabling mechanism of Al—namely, lowering entry barriers
through cognitive offloading so as to activate participation, while preserving room for
critical filtering so as to sustain deeper learning. The latter clarifies the context dependency
of this mechanism, showing that it is reconfigured according to task goals, developmental
stage, and Al role positioning. In other words, the underlying logic revealed here is that

https://doi.org/10.3390/jintelligence14070126


https://doi.org/10.3390/jintelligence14070126

J. Intell. 2026, 14, 126

24 of 29

the educational effectiveness of Al depends less on technological complexity per se than on
whether its role positioning appropriately matches task demands and the forms of cognitive
processing required by learners. This is broadly consistent with prior work showing that
personalized Al feedback is more likely to directly support learning motivation and learning
outcomes, whereas in human-Al co-creation contexts, systems that preserve learner agency
and aesthetic judgment are more likely to support creativity, participation, and reflective
processing (Vikeva & Partti, 2025; W. Wang et al., 2026). Accordingly, the effectiveness of
Al lies not in maximizing the number of functions it offers, but in whether it is embedded
into a given context in an appropriate way.

Overall, feedback-based Al is better positioned as a tool for supporting embodied
monitoring and reflective practice; generative Al is better positioned as a means of ex-
panding materials for human aesthetic judgment; and adaptive Al should calibrate task
demands without replacing learner agency. This also suggests that, in music learning and in
arts and humanities education more broadly, educational outcomes are shaped not only by
cognitive efficiency but also by embodiment, affective engagement, agency, and aesthetic
judgment. Therefore, the most appropriate role of Al in music learning is not that of a
universal substitute, but that of a supportive collaborator aligned with task goals, learner
needs, and human judgment.

6. Limitations

Although this study used three-level meta-analysis and qualitative synthesis to pro-
vide a relatively systematic account of the effects, boundary conditions, and mechanisms of
Al-assisted music learning, several limitations remain.

First, only English-language journal articles and conference papers were included,
which means that relevant evidence published in other languages or in the grey literature
may have been missed. It is nevertheless noteworthy that, even within English-language
databases alone, empirical studies by Chinese scholars accounted for a substantial propor-
tion of the included evidence, highlighting the high level of activity in this region in the
application of Al to music education.

Second, because the aim of this study was to synthesize learner-outcome evidence in
Al-assisted music learning, a relatively broad range of Al-assisted music learning contexts
was included. Although this broad inclusion strategy allowed the review to capture a wider
range of Al-assisted music learning practices, it also reduced the specificity of the pooled
effect estimates. Therefore, the pooled effects should be interpreted as broad, context-sensitive
evidence patterns rather than as precise estimates for any single type of music education.

Third, to reduce sparse data problems, SRL and creative performance were prag-
matically combined as “higher-order cognition” in some analyses. However, SRL and
creativity remain conceptually distinct constructs, with different theoretical foundations,
measurement traditions, and possible developmental pathways. Therefore, findings for
higher-order cognition should not be interpreted as evidence that SRL and creativity re-
spond to Al support in the same way. Rather, they should be understood as pragmatic
moderator-level evidence; future studies should examine SRL and creativity separately
when a larger evidence base becomes available.

Fourth, in examining the interaction between prior ability and task cognitive complex-
ity, some cross-cells—especially those involving low-complexity tasks within the higher-
order cognition domain—contained very few studies. Relatedly, the binary coding of prior
ability and task cognitive complexity may have reduced the sensitivity of the moderator
analysis. Although this coding decision helped avoid sparse cells, it may have obscured
nonlinear or threshold-like patterns at the medium level. Although this partly reflects the
inherent tendencies of current educational design, it objectively constrained the strength of
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the statistical inference and left the findings at the level of directional indications rather than
well-validated stable patterns. With respect to intervention dose, the extremely high overall
heterogeneity indicates substantial variation across studies in intervention design and
dose classification. Moreover, the long-term higher-order cognition subgroup contained
relatively few studies and several exceptionally large effect sizes. Although sensitivity
analyses generally preserved the direction of the long-term pattern, the magnitude of this
effect remained unstable. These findings should therefore be interpreted as exploratory
trend-based evidence rather than as a precise and stable dose-response function. Future
studies should retain three-level or continuous coding when larger evidence bases become
available, so that intermediate levels of task demand and learner expertise can be examined
more precisely.

Lastly, although multiple robustness procedures were employed—including three-
level meta-analysis, cluster-robust models, extreme-value treatment, the exclusion of rough
effect sizes, and leave-one-study-out analyses—to reduce variation, unusually large effect
sizes still tended to cluster in studies using self-developed measures, instruments highly
aligned with the intervention, or perception-based components. Supplementary subgroup
analyses were added for measurement tool type and Al support type, but these analyses
remained exploratory because several subgroup cells contained few studies and SRL could
not be meaningfully examined at the subgroup level. Although such measures are sensitive
to proximal changes, they are also more likely to inflate standardized effect sizes because
of restricted variance, common-method bias, and expectancy effects. Accordingly, the
practical meaning of these findings should be interpreted with caution, particularly when
distinguishing between effects derived from objective assessments and those derived
from self-report measures. Future music-related research urgently needs to adopt more
standardized and cross-contextually comparable objective instruments in order to provide
more precise effect estimates.

7. Future Research and Conclusions

First, current evidence suggests that motivational benefits are more likely to emerge in
the short term as a novelty-related gain, whereas benefits for higher-order cognition require
longer-term accumulation. However, long-term studies remain scarce. Future systematic
reviews and meta-analyses could therefore focus specifically on medium- and long-term
Al interventions in education, with the aim of mapping more precisely the decay or growth
curves of different learning outcomes and identifying optimal combinations of intervention
dose and frequency for sustaining gains in higher-order cognition.

Second, because high-quality quantitative evidence on Al-supported music SRL is
still limited, future reviews and empirical studies should treat SRL as a central focus. In
particular, they should examine how Al exerts differentiated enabling effects across the
micro-phases of SRL, such as goal setting in the forethought phase, strategic monitoring in
the performance phase, and self-evaluation in the reflection phase.

Third, the qualitative findings of this study suggest that evaluative-feedback Al is more
likely to support self-regulation and practice quality, generative-support Al is more likely
to activate creative performance and creative expansion, and interactive/adaptive Al is
more likely to enhance engagement, joint attention, and situated involvement. Accordingly,
future research should move beyond simply comparing the presence versus absence of Al
and instead examine more specifically the fit of different Al role positions—such as coach,
mirror, creative partner, or collaborative other—across different task goals, age groups, and
learner groups with different levels of prior ability. Further work should also investigate
how these role positions influence learners’ sense of control, competence, agency, and
aesthetic judgment.
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Overall, although the differentiated enabling boundaries proposed in this study are
not yet sufficient to capture the full range of music education contexts, the study makes
an important contribution by beginning to address the evidential gap in the integration
of deeper outcomes, the testing of boundary conditions, and the explanation of imple-
mentation mechanisms in Al-assisted music learning. More importantly, it provides an
integrative framework for understanding how situated forms of Al may operate within
the ecology of arts learning. Accordingly, the boundaries identified here should be under-
stood as provisional rather than definitive, serving less as fixed conclusions than as an
initial basis for subsequent refinement and validation across diverse learners, tasks, and
instructional settings.

Supplementary Materials: The following supporting information can be downloaded at https://
www.mdpi.com/article/10.3390/jintelligence14070126 /s1: Supplementary S1: Table S1: Database-
specific search strategies; Table S2: Characteristics of Studies Included in the Meta-analysis; Table S3:
Characteristics of Studies Included in the qualitative synthesis. Supplementary S2: Extracted effect-
size classification table; Supplementary S3: Extracted effect sizes and outcome classification; Supple-
mentary S4: Core meta-analysis RQ scripts.

Author Contributions: Conceptualization, M.L. and Y.Z.; Methodology, M.L., Y.Z. and X.S.; Soft-
ware, M.L. and X.D.; Validation, X.S. and X.D.; Formal analysis, M.L.; Investigation, M.L. and X.S.;
Resources, Y.Z.; Data curation, Y.Z. and X.S.; Writing—original draft, M.L. and Y.Z.; Writing—review
& editing, X.S.; Visualization, X.S. and X.D.; Supervision, X.S. and X.D.; Project administration, X.S.;
Funding acquisition, Y.Z. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.
Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The original contributions presented in this study are included in the
article/Supplementary Materials. Further inquiries can be directed to the corresponding author.

Conflicts of Interest: The authors declare no conflicts of interest.

References

Achuthan, K. (2025). Artificial intelligence and learner autonomy: A meta-analysis of self-regulated and self-directed learning. Frontiers
in Education, 10, 1738751. [CrossRef]

Addessi, A. R., & Pachet, F. (2005). Experiments with a musical machine: Musical style replication in 3- to 5-year-old children. British
Journal of Music Education, 22(1), 21-46. [CrossRef]

Assink, M., & Wibbelink, C. J. M. (2016). Fitting three-level meta-analytic models in R: A step-by-step tutorial. The Quantitative Methods
for Psychology, 12(3), 154-174. [CrossRef]

Balta-Salvador, R., Bras6-Vives, E., & Pefia, M. (2026). Evaluating Al-assisted creative ideation: A crossover study in higher education.
Thinking Skills and Creativity, 59, 101958. [CrossRef]

Baxi, P, Panda, S., Mittal, S., Tewatia, N., Bhavya, B., & Saiyad, F. (2025). Hybrid Al-human music composition for pedagogy. ShodhKosh:
Journal of Visual and Performing Arts, 6, 481-490. [CrossRef]

Bognar, L., & Khine, M. S. (2025). The shifting landscape of student engagement: A pre-post semester analysis in Al-enhanced
classrooms. Computers and Education: Artificial Intelligence, 8, 100395. [CrossRef]

Bonneville-Roussy, A., & Evans, P. (2025). The support of autonomy, motivation, and music practice in university music students: A
self-determination theory perspective. Psychology of Music, 53(6), 909-928. [CrossRef]

Cheng, L. (2025). The impact of generative Al on school music education: Challenges and recommendations. Arts Education Policy
Review, 126(4), 255-262. [CrossRef]

Cheung, M. W.-L. (2014). Modeling dependent effect sizes with three-level meta-analyses: A structural equation modeling approach.
Psychological Methods, 19(2), 211-229. [CrossRef] [PubMed]

Clark, R. E. (1983). Reconsidering research on learning from media. Review of Educational Research, 53(4), 445-459. [CrossRef]

Cui, K. (2023). Artificial intelligence and creativity: Piano teaching with augmented reality applications. Interactive Learning Environments,
31(10), 7017-7028. [CrossRef]

https://doi.org/10.3390/jintelligence14070126


https://www.mdpi.com/article/10.3390/jintelligence14070126/s1
https://www.mdpi.com/article/10.3390/jintelligence14070126/s1
https://doi.org/10.3389/feduc.2025.1738751
https://doi.org/10.1017/S0265051704005972
https://doi.org/10.20982/tqmp.12.3.p154
https://doi.org/10.1016/j.tsc.2025.101958
https://doi.org/10.29121/shodhkosh.v6.i2s.2025.6695
https://doi.org/10.1016/j.caeai.2025.100395
https://doi.org/10.1177/03057356241296109
https://doi.org/10.1080/10632913.2025.2451373
https://doi.org/10.1037/a0032968
https://www.ncbi.nlm.nih.gov/pubmed/23834422
https://doi.org/10.3102/00346543053004445
https://doi.org/10.1080/10494820.2022.2059520
https://doi.org/10.3390/jintelligence14070126

J. Intell. 2026, 14, 126 27 of 29

Dash, A., & Agres, K. (2024). Al-based affective music generation systems: A review of methods and challenges. ACM Computing
Surveys, 56(11), 1-34. [CrossRef]

Dash, B., Narayana, A., Akkamahadevi, Sood, G., Bhardwaj, N., & Saiyad, F. (2025). Sentiment-based feedback in art education.
ShodhKosh: Journal of Visual and Performing Arts, 6, 251-261. [CrossRef]

Deci, E. L., & Ryan, R. M. (2000). The “what” and “why” of goal pursuits: Human needs and the self-determination of behavior.
Psychological Inquiry, 11(4), 227-268. [CrossRef]

Deng, R, Jiang, M., Yu, X., Lu, Y., & Liu, S. (2025). Does ChatGPT enhance student learning? A systematic review and meta-analysis of
experimental studies. Computers & Education, 227, 105224. [CrossRef]

Dong, J., Choi, K., Yu, S., Lee, Y., Kim, J., Vajir, D., Haines, C., Newbill, P. L., Wyatt, A., Upthegrove, T., & Jeon, M. (2024). A child-robot
musical theater afterschool program for promoting STEAM education: A case study and guidelines. International Journal of
Human—-Computer Interaction, 40(13), 3465-3481. [CrossRef]

Duval, S., & Tweedie, R. (2000). Trim and fill: A simple funnel-plot-based method of testing and adjusting for publication bias in
meta-analysis. Biometrics, 56(2), 455-463. [CrossRef] [PubMed]

Egger, M., Davey Smith, G., Schneider, M., & Minder, C. (1997). Bias in meta-analysis detected by a simple, graphical test. BM],
315(7109), 629-634. [CrossRef] [PubMed]

Evans, P. (2015). Self-determination theory: An approach to motivation in music education. Musicae Scientiae, 19(1), 65-83. [CrossRef]

Evans, P, Vansteenkiste, M., Parker, P. D., Wouters, P., Tabbers, H. K., & Lester, J. (2024). Cognitive load theory and its relationships
with motivation: A self-determination theory perspective. Educational Psychology Review, 36, 34. [CrossRef]

Fang, Z. (2026). Integrating generative Al in higher art education: A systematic review of tools, pedagogies, and practices. SN Computer
Science, 7(2), 215. [CrossRef]

Feldon, D. F,, Callan, G., Juth, S., & Jeong, S. (2019). Cognitive load as motivational cost. Educational Psychology Review, 31(2), 319-337.
[CrossRef]

Gai, M. (2025). Implementation of an innovative approach to vocal training in college: The case of artificial intelligence technologies
NSynth, Sing Like Me, and Flow Machines. The Asia-Pacific Education Researcher, 34(5), 1925-1935. [CrossRef]

Hedges, L. V. (1981). Distribution theory for Glass’s estimator of effect size and related estimators. Journal of Educational Statistics, 6(2),
107-128. [CrossRef]

Hedges, L. V., Tipton, E., & Johnson, M. C. (2010). Robust variance estimation in meta-regression with dependent effect size estimates.
Research Synthesis Methods, 1(1), 39-65. [CrossRef] [PubMed]

Higgins, J. P. T., Thompson, S. G., Deeks, J. J., & Altman, D. G. (2003). Measuring inconsistency in meta-analyses. BM]J, 327(7414),
557-560. [CrossRef] [PubMed]

Jeno, L. M., Adachi, P. J. C,, Grytnes, J.-A., Vandvik, V., & Deci, E. L. (2019). Testing the novelty effect of an m-learning tool on
internalization and achievement: A self-determination theory approach. Computers & Education, 128, 398—413. [CrossRef]

Kalyuga, S., Ayres, P, Chandler, P, & Sweller, J. (2003). The expertise reversal effect. Educational Psychologist, 38(1), 23-31. [CrossRef]
[PubMed]

Karwowski, M., Kaufman, J. C., Lebuda, L., Szumski, G., & Firkowska-Mankiewicz, A. (2016). Is creativity without intelligence possible?
A necessary condition analysis. Intelligence, 57, 105-117. [CrossRef]

Kuldanov, N., Balagazova, S., Ibrayeva, K., Mombek, A., Kosherbayev, Z., & Bolatkhan, N. (2025). The use of data-based emotion
recognition systems for the development of emotional and musical creativity in vocal students. Journal of Educational Computing
Research, 63(5), 1122-1144. [CrossRef]

Kyriakou, T., Alvarez de la Campa Crespo, M., Panayiotou, A., Chrysanthou, Y., Charalambous, P, & Aristidou, A. (2024). Virtual
instrument performances (VIP): A comprehensive review. Computer Graphics Forum, 43(2), 35-58. [CrossRef]

Li, N., & Wu, D. (2025). The auxiliary function and realization mechanism of artificial intelligence in cross-cultural traditional music
education. Journal of Cases on Information Technology, 27(1), 1-18. [CrossRef]

Li, W. (2022). Analysis of piano performance characteristics by deep learning and artificial intelligence and its application in piano
teaching. Frontiers in Psychology, 12, 751406. [CrossRef] [PubMed]

Li, W,, Cui, X., Manoharan, P, Dai, L., Liu, K., & Huang, L. (2025). Al-assisted feedback and reflection in vocal music training: Effects
on metacognition and singing performance. Frontiers in Psychology, 16, 1598867. [CrossRef] [PubMed]

Li, Y, Xie, C., Yang, Y., Liu, C., Du, Y., & Hu, W. (2022). The role of daydreaming and creative thinking in the relationship between
inattention and real-life creativity: A test of multiple mediation model. Thinking Skills and Creativity, 46, 101181. [CrossRef]

Li, Y, Yang, Y, Yang, J., Qi, S., Wang, X., Han, K., Hu, W,, & Qiu, J. (2019). Different effects of motivation orientation on ideational
flexibility: Key role of optimism. American Journal of Psychology, 132(3), 267-280. [CrossRef]

Lin, F-N., Chang, K.-N., & Chen, H.-Y. (2025). A web-based MIDI platform for accessible music education: A case study of Pachelbel’s
Canon in D. IEEE Pervasive Computing, 24(2), 8-16. [CrossRef]

Liu, B, & Liao, Y. (2025). Integrating IBM Watson BEAT generative Al software into flute music learning: The impact of advanced Al
tools on students’ learning strategies. Education and Information Technologies, 30(10), 14577-14596.

https://doi.org/10.3390/jintelligence14070126


https://doi.org/10.1145/3672554
https://doi.org/10.29121/shodhkosh.v6.i2s.2025.6749
https://doi.org/10.1207/S15327965PLI1104_01
https://doi.org/10.1016/j.compedu.2024.105224
https://doi.org/10.1080/10447318.2023.2189814
https://doi.org/10.1111/j.0006-341X.2000.00455.x
https://www.ncbi.nlm.nih.gov/pubmed/10877304
https://doi.org/10.1136/bmj.315.7109.629
https://www.ncbi.nlm.nih.gov/pubmed/9310563
https://doi.org/10.1177/1029864914568044
https://doi.org/10.1007/s10648-023-09841-2
https://doi.org/10.1007/s42979-026-04788-x
https://doi.org/10.1007/s10648-019-09464-6
https://doi.org/10.1007/s40299-025-01003-y
https://doi.org/10.3102/10769986006002107
https://doi.org/10.1002/jrsm.5
https://www.ncbi.nlm.nih.gov/pubmed/26056092
https://doi.org/10.1136/bmj.327.7414.557
https://www.ncbi.nlm.nih.gov/pubmed/12958120
https://doi.org/10.1016/j.compedu.2018.10.008
https://doi.org/10.1207/S15326985EP3801_4
https://www.ncbi.nlm.nih.gov/pubmed/42328486
https://doi.org/10.1016/j.intell.2016.04.006
https://doi.org/10.1177/07356331251336648
https://doi.org/10.1111/cgf.15065
https://doi.org/10.4018/JCIT.388947
https://doi.org/10.3389/fpsyg.2021.751406
https://www.ncbi.nlm.nih.gov/pubmed/35153894
https://doi.org/10.3389/fpsyg.2025.1598867
https://www.ncbi.nlm.nih.gov/pubmed/40900952
https://doi.org/10.1016/j.tsc.2022.101181
https://doi.org/10.5406/amerjpsyc.132.3.0267
https://doi.org/10.1109/MPRV.2025.3540213
https://doi.org/10.3390/jintelligence14070126

J. Intell. 2026, 14, 126 28 of 29

Liu, H., & Guo, W. (2025). Effectiveness of Al-driven vocal art tools in enhancing student performance and creativity. European Journal
of Education, 60(1), €70037.

Liu, P. (2025). Modern Al program Chinese choral arts: Cognitive training and motivation of college choristers. Interactive Learning
Environments, 1-15. [CrossRef]

Liu, X,, Han, X,, Lin, X,, & Yang, J. H. (2022). National ballad creation education under artificial intelligence and big data. Frontiers in
psychology, 13, 883096. [CrossRef] [PubMed]

Lv, H. Z. (2023). Innovative music education: Using an Al-based flipped classroom. Education and Information Technologies, 28(11),
15301-15316. [CrossRef]

Mazlan, C. A. N., Hanafi, H. F, Sarifin, M. R., & Hidayatullah, R. R. (2026). Artificial intelligence applications and pedagogical
challenges in music education. Discover Education, 5, 140. [CrossRef]

Mieder, K., & Bugos, J. A. (2017). Enhancing self-regulated practice behavior in high school instrumentalists. International Journal of
Music Education, 35(4), 578-587. [CrossRef]

Nakajima, S., Suzuka, T., Moroi, K., Doi, T., & Higashida, S. (2026). Enhancing STEAM education through a “know-and-create” learning
loop: A case study of a generative Al workshop on art at Osaka Metropolitan University College of Technology. Journal of Robotics
and Mechatronics, 38(1), 88-102. [CrossRef]

Ou, J., Nogueira, J., & Qin, C. (2025). Exploring the impact of Al-assisted practice applications on music learners’ performance,
self-efficacy, and self-regulated learning. Frontiers in Psychology, 16, 1675762. [PubMed]

Page, M. ]., McKenzie, J. E., Bossuyt, P. M., Boutron, I., Hoffmann, T. C., Mulrow, C. D., Shamseer, L., Tetzlaff, ]. M., Akl, E. A., Brennan,
S. E., Chou, R,, Glanville, J., Grimshaw, J. M., Hrébjartsson, A., Lalu, M. M., Li, T., Loder, E. W., Mayo-Wilson, E., McDonald,
S., ... Moher, D. (2021). The PRISMA 2020 statement: An updated guideline for reporting systematic reviews. BMJ, 372, n71.
[CrossRef] [PubMed]

Pustejovsky, J. E., & Tipton, E. (2022). Meta-analysis with robust variance estimation: Expanding the range of working models.
Prevention Science, 23(3), 425-438. [CrossRef] [PubMed]

Roldan-Cardona, M., Chacén-Castro, M., Jadan-Guerrero, J., Salvador-Ullauri, L., & Acosta-Vargas, P. (2025). Music education with
artificial intelligence for inclusive and sustainable early childhood learning. Emerging Science Journal, 9, 201-218. [CrossRef]

Runco, M. A., & Jaeger, G. J. (2012). The standard definition of creativity. Creativity Research Journal, 24(1), 92-96. [CrossRef]

Ryan, R. M., & Deci, E. L. (2020). Intrinsic and extrinsic motivation from a self-determination theory perspective: Definitions, theory,
practices, and future directions. Contemporary Educational Psychology, 61, 101860. [CrossRef]

Sin, H. X., Tan, L., & McPherson, G. E. (2022). A PRISMA review of expectancy-value theory in music contexts. Psychology of Music,
50(3), 942-961. [CrossRef]

Sternberg, R. J. (1999). Successful intelligence: Finding a balance. Trends in Cognitive Sciences, 3(11), 436—442. [CrossRef] [PubMed]

Sun, Q. (2026). Exploring Chinese music students” Al familiarity and Al self-efficacy: A mixed-methods study based on social cognitive
theory (SCT). European Journal of Education, 61(1), e70446. [CrossRef]

Sweller, J. (1988). Cognitive load during problem solving: Effects on learning. Cognitive Science, 12(2), 257-285. [CrossRef] [PubMed]

Tao, C. (2026). The impact of Al-based educational applications on university students’ piano skills and self-efficacy. International
Journal of Psychology, 61(2), €70167. [CrossRef] [PubMed]

Tipton, E. (2015). Small sample adjustments for robust variance estimation with meta-regression. Psychological Methods, 20(3), 375-393.
[CrossRef] [PubMed]

Tipton, E., & Pustejovsky, J. E. (2015). Small-sample adjustments for tests of moderators and model fit using robust variance estimation
in meta-regression. Journal of Educational and Behavioral Statistics, 40(6), 604-634. [CrossRef]

Tsay, C. H.-H., Kofinas, A., Luo, J., & Trivedi, S. K. (2020). Overcoming the novelty effect in online gamified learning systems: An
empirical evaluation of student engagement and performance. Journal of Computer Assisted Learning, 36(2), 128-146. [CrossRef]

Van den Noortgate, W., Lopez-Lopez, J. A., Marin-Martinez, F., & Sanchez-Meca, J. (2013). Three-level meta-analysis of dependent
effect sizes. Behavior Research Methods, 45(2), 576-594. [CrossRef] [PubMed]

van Merriénboer, J. J. G., & Sweller, J. (2005). Cognitive load theory and complex learning: Recent developments and future directions.
Educational Psychology Review, 17(2), 147-177. [CrossRef]

Vikevd, L., & Partti, H. (2025). Generative Al as a collaborator in music education: An action-network theoretical approach to
human-AI co-creativity. Action, Criticism, and Theory for Music Education, 24(3), 16-52. [CrossRef]

Veenman, M. V. ]., Wilhelm, P, & Beishuizen, J. . (2004). The relation between intellectual and metacognitive skills from a developmental
perspective. Learning and Instruction, 14(1), 89-109. [CrossRef]

Viechtbauer, W. (2010). Conducting meta-analyses in R with the metafor package. Journal of Statistical Software, 36(3), 1-48. [CrossRef]

Wang, K., & Zhang, P. (2025). Enhancing opera vocal education through advanced machine learning algorithms: Analytics for talent
development and curriculum design. Interactive Learning Environments, 33, 5923-5943. [CrossRef]

https://doi.org/10.3390/jintelligence14070126


https://doi.org/10.1080/10494820.2025.2572787
https://doi.org/10.3389/fpsyg.2022.883096
https://www.ncbi.nlm.nih.gov/pubmed/35800943
https://doi.org/10.1007/s10639-023-11835-0
https://doi.org/10.1007/s44217-026-01127-3
https://doi.org/10.1177/0255761417689921
https://doi.org/10.20965/jrm.2026.p0088
https://www.ncbi.nlm.nih.gov/pubmed/41159183
https://doi.org/10.1136/bmj.n71
https://www.ncbi.nlm.nih.gov/pubmed/33782057
https://doi.org/10.1007/s11121-021-01246-3
https://www.ncbi.nlm.nih.gov/pubmed/33961175
https://doi.org/10.28991/ESJ-2025-SIED1-012
https://doi.org/10.1080/10400419.2012.650092
https://doi.org/10.1016/j.cedpsych.2020.101860
https://doi.org/10.1177/03057356211024344
https://doi.org/10.1016/S1364-6613(99)01391-1
https://www.ncbi.nlm.nih.gov/pubmed/10529799
https://doi.org/10.1111/ejed.70446
https://doi.org/10.1207/s15516709cog1202_4
https://www.ncbi.nlm.nih.gov/pubmed/42328486
https://doi.org/10.1002/ijop.70167
https://www.ncbi.nlm.nih.gov/pubmed/41572486
https://doi.org/10.1037/met0000011
https://www.ncbi.nlm.nih.gov/pubmed/24773356
https://doi.org/10.3102/1076998615606099
https://doi.org/10.1111/jcal.12385
https://doi.org/10.3758/s13428-012-0261-6
https://www.ncbi.nlm.nih.gov/pubmed/23055166
https://doi.org/10.1007/s10648-005-3951-0
https://doi.org/10.22176/act24.3.16
https://doi.org/10.1016/j.learninstruc.2003.10.004
https://doi.org/10.18637/jss.v036.i03
https://doi.org/10.1080/10494820.2025.2488991
https://doi.org/10.3390/jintelligence14070126

J. Intell. 2026, 14, 126 29 of 29

Wang, S. (2025). Hybrid models of piano instruction: How combining traditional teaching methods with personalized Al feedback
affects learners’ skill acquisition, self-efficacy, and academic locus of control. Education and Information Technologies, 30(9),
12967-12989. [CrossRef]

Wang, W., Wang, Y., Chen, ]., Wang, X., Zhang, H., Guo, C., & Peng, Y. (2026). The effectiveness of Al-supported personalized feedback
on students’ learning outcomes and motivation: A meta-analysis. Journal of Educational Computing Research, 64(3), 724-755.
[CrossRef]

Wang, X. (2025). Integration of AI GPTs in music education and their impact on students’ perception and creativity. Education and
Information Technologies, 30, 18879-18893. [CrossRef]

Wang, Y., Zhang, M., Zhang, H., Shan, X., & Du, X. (2025). From practice to reflection: A systematic review of mechanisms driving
metacognition and SRL in music. Journal of Intelligence, 13(12), 162. [CrossRef] [PubMed]

Wani, T. A., Sarna, S., Gupta, S., Rai, S., Singh, J., Arora, N., & Chavan, P. (2025). Al-generated compositions in music education.
ShodhKosh: Journal of Visual and Performing Arts, 6, 92-101. [CrossRef]

Xia, Q., Li, W,, Yang, Y., Weng, X., & Chiu, T. K. F. (2025). A systematic review and meta-analysis of the effectiveness of Generative
Artificial Intelligence (GenAl) on students’ motivation and engagement. Computers and Education: Artificial Intelligence, 9, 100455.
[CrossRef]

Xin, Y. (2024). Diversified curriculum innovation of college music education under deep learning model. Applied Mathematics and
Nonlinear Sciences, 9, 1-13. [CrossRef]

Xu, Z., & Xu, Q. (2024). Psychological factors influencing successful music learning using deep learning technologies. Interactive
Learning Environments, 32(8), 4652—4662.

Yao, W. (2025). An innovative study on the interaction mode of artificial intelligence-enabled music classroom. International Journal of
Computer Information Systems and Industrial Management Applications, 17, 16. [CrossRef]

Yin, L., & Guo, R. (2025). An artificial intelligence-based interactive learning environment for music education in China: Traditional
Chinese music and its contemporary development as a way to increase cultural capital. European Journal of Education, 60 (1),
€12858. [CrossRef]

Yuan, N. (2024). Does Al-assisted creation of polyphonic music increase academic motivation? The DeepBach graphical model and its
use in music education. Journal of Computer Assisted Learning, 40(4), 1365-1372.

Zhang, C., & Li, Y. (2025). Musical education and academic motivation in highly developed Al technology. Interactive Learning
Environments, 33(10), 6058-6068. [CrossRef]

Zhang, L. (2025). Compositional tools based on artificial intelligence for choral artistic education: Enhancing creative skills in choral
arrangements. Thinking Skills and Creativity, 56, 101768. [CrossRef]

Zhuang, Z., & Li, X. (2025). The influence of collaborative music creation supported by generative artificial intelligence on students’
creativity. Frontiers in Psychology, 16, 1709513. [PubMed]

Zimmerman, B. J. (2002). Becoming a self-regulated learner: An overview. Theory Into Practice, 41(2), 64-70. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/jintelligence14070126


https://doi.org/10.1007/s10639-025-13359-1
https://doi.org/10.1177/07356331251410020
https://doi.org/10.1007/s10639-025-13531-7
https://doi.org/10.3390/jintelligence13120162
https://www.ncbi.nlm.nih.gov/pubmed/41440823
https://doi.org/10.29121/shodhkosh.v6.i3s.2025.6794
https://doi.org/10.1016/j.caeai.2025.100455
https://doi.org/10.2478/amns.2023.2.01102
https://doi.org/10.70917/ijcisim-2025-0268
https://doi.org/10.1111/ejed.12858
https://doi.org/10.1080/10494820.2025.2491624
https://doi.org/10.1016/j.tsc.2025.101768
https://www.ncbi.nlm.nih.gov/pubmed/41574086
https://doi.org/10.1207/S15430421TIP4102_2
https://www.ncbi.nlm.nih.gov/pubmed/42327838
https://doi.org/10.3390/jintelligence14070126

	Introduction 
	Theoretical Framework 
	Internal Driving Mechanisms of the Main Effects 
	Learner and Task Boundaries 
	Theoretical Temporal Boundaries 
	Positioning of the Present Study and Research Questions 

	Methods 
	Literature Search and Screening Strategy 
	Scope of the Review and Treatment of Educational Contexts 
	Outcome Extraction Categories 
	Coding Criteria for Core Moderators 
	Effect-Size Computation and Statistical Analysis Strategy 
	Effect-Size Computation 
	Model Specification for Main and Moderating Effects 
	Robustness Checks, Sensitivity Analyses, and Publication Bias 
	Software and Decision Criteria 

	Qualitative Synthesis Analysis 

	Results 
	Risk of Bias Assessment and Conflict-of-Interest Statements 
	Overall Intervention Effects of AI-Assisted Music Learning 
	Interactive Moderating Effects of Task Complexity and Prior Ability 
	Dose-Related Patterns of AI-Assisted Music Learning 
	Implementation, Experience, and Patterns of AI Support 
	Pathways of AI Support Implementation 
	Learners’ Subjective Experiences in Human–AI Collaborative Contexts 
	Common Patterns: The Underlying Logic of AI Support 
	Key Differences 


	Discussion 
	Main Effects 
	Learner–Task Fit 
	Temporal Boundaries 
	Mechanisms of AI Support 

	Limitations 
	Future Research and Conclusions 
	References

