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Abstract 
This umbrella review synthesizes evidence from systematic reviews and meta-analyses on the effectiveness of 

intelligent tutoring systems, adaptive learning platforms, and artificial intelligence-based technologies in 

mathematics learning. A semi-automated search was conducted on 18 December 2025 using an indexed 

academic search engine, complemented by forward-backward citation chasing. Eligible reviews were 

screened and appraised using a proxy version of AMSTAR 2 focused on critical domains. Across the included 

reviews, technology-enhanced and adaptive interventions generally showed small-to-moderate positive effects 

on mathematics achievement, with more consistent benefits when feedback was immediate, personalization 

was meaningful, and implementation was supported by teachers and well-aligned tasks. Evidence for non-

cognitive outcomes (e.g., motivation, self-efficacy, engagement) was positive but less consistently reported. 

Heterogeneity across contexts and substantial overlap among primary studies remain major challenges. The 

review highlights implementation conditions, recurring moderators, and priority gaps to strengthen future 

research and reporting in mathematics education. 
Keywords: umbrella review; intelligent tutoring systems; adaptive learning; artificial intelligence; mathematics 

education 

INTRODUCTION 

Digital transformation in education has accelerated the adoption of technologies that do not 

merely deliver content but also model student learning, diagnose misconceptions, and provide 

sustained problem-solving support. Within this landscape, intelligent tutoring systems are computer-

based learning environments designed to provide step-by-step guidance, feedback, and adaptive 

scaffolding. Adaptive learning platforms and other artificial intelligence-based educational 

technologies extend these ideas by personalizing learning paths, recommending tasks, and analyzing 

learner data in real time, all of which are particularly relevant to mathematics learning where 

misconceptions and procedural fluency interact with conceptual understanding. 

Despite rapid uptake, empirical findings about the effectiveness of these technologies in 

mathematics are not always consistent. Existing meta-analyses and systematic reviews vary in scope 

(grade levels, tools, outcomes) and methodological quality, creating fragmented messages for 

practitioners and policy makers. Therefore, this study conducts an umbrella review (an overview of 

reviews) to consolidate the evidence base, summarize effect directions and magnitudes where 

available, identify recurring moderators, and appraise the strength of the underlying review evidence. 

Research questions 

RQ1. What are the direction and magnitude of effects of intelligent tutoring systems, adaptive learning 

platforms, and artificial intelligence-based interventions on mathematics learning outcomes? 

RQ2. Which non-cognitive outcomes (e.g., motivation, self-efficacy, engagement) are most 

consistently influenced? 

RQ3. Which moderators are most frequently reported to explain variation (e.g., education level, learner 

characteristics, intervention duration, teacher involvement, platform design)? 

RQ4. How strong is the methodological quality of the included reviews (using a proxy AMSTAR 2 

approach), and how does quality relate to reported effects? 

RQ5. What evidence gaps are most salient, and what should be prioritized in the future research 

agenda? 

METHOD 

Design and reporting guidance 

This study is an umbrella review (overview of reviews) that synthesizes findings from systematic 

reviews and meta-analyses. Reporting was guided by PRISMA 2020 where applicable, with additional 



considerations for overviews of reviews to ensure transparent screening, appraisal, and synthesis 

decisions. 

Data sources and search strategy 

The literature search was conducted on 18 December 2025 using an indexed academic search 

engine (Semantic Scholar) as a primary starting point, complemented by forward-backward citation 

chasing to improve coverage. Searches were restricted to 2010-2025 to capture contemporary 

intelligent tutoring and adaptive technologies. Search strings combined (a) technology terms (e.g., 

―intelligent tutoring system‖, ―adaptive learning‖, ―AI tutoring‖) with (b) mathematics terms (e.g., 

―mathematics‖, ―numeracy‖, ―algebra‖) and (c) review terms (e.g., ―systematic review‖, ―meta-

analysis‖, ―overview of reviews‖). 

Eligibility criteria 

The unit of analysis was a secondary synthesis article (systematic review, meta-analysis, scoping 

review, evidence map, or other structured review) that examined intelligent tutoring systems, adaptive 

learning, or artificial intelligence-enabled learning technologies in mathematics education. Reviews 

were included if they (1) reported outcomes relevant to mathematics learning (achievement, 

performance, procedural/conceptual outcomes, or closely related affective/behavioral outcomes in 

mathematics contexts), (2) described a systematic search and selection process, and (3) provided 

sufficient reporting to extract technology category, context, and main findings. Non-mathematics-only 

reviews, narrative commentaries without transparent methods, and duplicate records were excluded. 

Study selection and data extraction 

Records were deduplicated using DOI matching; for records without DOI, titles were normalized 

and compared to identify duplicates. Screening proceeded in three stages: title/abstract screening, full-

text eligibility assessment, and extraction. Extracted items included review type, time window, 

education level, country/context where available, technology category, primary outcome(s), effect size 

summaries (if meta-analysis), and moderator analyses. 

Prioritization of reviews synthesized (n = 40) 

To balance breadth and depth, the synthesis prioritized 40 reviews using rule-based criteria 

emphasizing recency, methodological rigor, and relevance to mathematics education. When multiple 

reviews covered the same intervention family or heavily overlapped in primary studies, the most 

comprehensive and best-reported review was prioritized to reduce redundancy in the narrative 

synthesis. 

Quality appraisal and overlap considerations 

Methodological quality was appraised using a proxy version of AMSTAR 2 focusing on critical 

domains: protocol/registration, comprehensiveness of search, appropriateness of risk-of-bias appraisal, 

handling of heterogeneity/synthesis, and publication bias assessment. Confidence ratings 

(high/moderate/low/critically low) were assigned based on the pattern of critical weaknesses. Overlap 

among primary studies across reviews was considered qualitatively; where complete lists of primary 

studies were unavailable, overlap metrics (e.g., CCA) could not be computed and were noted as a 

limitation. 

Study flow (PRISMA-like) 

The study flow is summarized using a PRISMA-like diagram tailored for overviews of reviews 

(identification, screening, eligibility, and inclusion) (see Figure 1). 



 

Figure 1. PRISMA-like study selection flow diagram. 

RESULTS AND DISCUSSION 

Evidence map and publication trend 

Across the included sample, the review literature has grown rapidly since 2020, reflecting 

increased adoption of adaptive technologies and artificial intelligence-enabled tools in mathematics 

education. The evidence map indicates that intelligent tutoring systems and adaptive platforms 

dominate the synthesis literature, while studies explicitly evaluating newer generative or conversational 

systems remain limited. Figure 2 summarizes the technology-category evidence map, and Figure 3 

shows the year-by-year publication trend. 

 

Figure 2. Evidence map by technology category across the 40 included reviews. 



 

Figure 3. Publication trend of reviews on intelligent tutoring systems/adaptive learning/artificial 

intelligence in mathematics (2020–2025). 

Characteristics of included reviews 

Table 1 summarizes key characteristics of the 40 included reviews, including review type, education 

level, number of primary studies (if reported), DOI, and focal outcomes. 

Table 1. Characteristics of Included Reviews (n = 40) 

Author 

(year) 
Review type Education 

level 
Numbe

r of 

primary 

studies 

DOI Main focus/outcomes 

Sun (2021) Meta-analysis K-12, higher 

education 
33 https://doi.org/10.1080/19477503.2021.1926194 ITS/adaptive tutoring; 

achievement/performan

ce 
Hahs-

Vaughn 

(2024a) 

Evidence gap 

map 

(systematic 

mapping) 

Undergradua

te 

mathematics 

42 https://doi.org/10.1109/fie61694.2024.10893331 Adaptive/personalized 

learning; learning 

outcomes (general) 

Olmo-

Muñoz 

(2022) 

Systematic 

review 
Kindergarten

, elementary 

school, 

secondary 

school, 

higher 

education, 

pre-service 

teachers, in-

service 

teachers, 

students with 

special needs 

174 https://doi.org/10.1007/s11858-022-01396-w ITS/adaptive tutoring; 

achievement/performan

ce, problem-solving 

Hahs-

Vaughn 

(2024b) 

Protokol meta-

analisis 
Undergradua

te 
 https://doi.org/10.23865/njsre.v2.6339 Adaptive/personalized 

learning; learning 

outcomes (general) 
Son (2024) Systematic 

review 
Elementary 

school, 

middle 

school, high 

school, 

colleges, 

teacher 

education 

58 https://doi.org/10.3390/computers13100270 ITS/adaptive tutoring; 

achievement/performan

ce 

Mredula 

(2024) 
Systematic 

review 
Not 

mentioned 
 https://doi.org/10.47392/irjaeh.2024.0268 AI in education; 

learning outcomes 

(general) 
Maanu Meta-analysis Varied/not 7 https://doi.org/10.47191/ijmcr/v13i9.09 AI in education; 



(2025) specified achievement/performan

ce, 

motivation/engagement 
Benavides-

Varela 

(2020) 

Meta-analysis Primary 

school, 

Preschool 

15 https://doi.org/10.1016/j.compedu.2020.103953 General digital edtech; 

achievement/performan

ce 
Hwang 

(2022) 
Meta-analysis Elementary 21 https://doi.org/10.3390/su142013185 AI in education; 

achievement/performan

ce 
Létourneau 

(2025) 
Systematic 

review 
K-12 28 https://doi.org/10.1038/s41539-025-00320-7 ITS/adaptive tutoring; 

achievement/performan

ce 
Hwang 

(2021) 
Bibliometri

c + 

systematic 

review 

Junior high 

school, 

elementary 

school, 

higher 

education 

43 https://doi.org/10.3390/math9060584 AI in education; 

achievement/performan

ce, 

motivation/engagement 

Major 

(2021) 
Meta-analysis Primary and 

early 

secondary 

education 

(ages 6–15) 

16 https://doi.org/10.1111/bjet.13116 Adaptive/personalized 

learning; learning 

outcomes (general) 

Tamur 

(2023) 
Meta-analysis Varied/not 

specified 
28 https://doi.org/10.22460/infinity.v12i1.p101-116 General digital edtech; 

achievement/performan

ce 
Huang 

(2025) 
Meta-analysis Varied/not 

specified 
30 https://doi.org/10.4018/ijdet.368420 ITS/adaptive tutoring; 

achievement/performan

ce, problem-solving 
Feng (2021) Systematic 

review 
Varied/not 

specified 
22 https://doi.org/10.1109/fie49875.2021.9637240 ITS/adaptive tutoring; 

problem-solving 
Awang 

(2025) 
Systematic 

review 
Varied/not 

specified 
32 https://doi.org/10.29333/iejme/16006 AI in education; 

achievement/performan

ce 
Borah 

(2024) 
Systematic 

review 
Not 

explicitly 

mentioned 

(broad scope 

likely 

including K-

12 and 

higher 

education) 

60 https://doi.org/10.71097/ijsat.v15.i4.1190 AI in education; 

achievement/performan

ce, problem-solving 

Panqueban 

(2024) 
Systematic 

review 
Not 

specified; no 

evidence at 

early 

childhood 

education 

level 

29 https://doi.org/10.15359/ru.38-1.20 Other; learning 

outcomes (general) 

Ran (2021) Meta-analysis K-12 31 https://doi.org/10.1177/0735633120952063 General digital edtech; 

achievement/performan

ce, problem-solving 
Wang 

(2024) 
Meta-analysis Not specified 45 https://doi.org/10.1177/07356331241240459 Adaptive/personalized 

learning; 

cognitive/metacognitiv

e 
Ran (2022) Meta-analysis K-12 

classrooms 
77 https://doi.org/10.1111/jcal.12611 General digital edtech; 

achievement/performan

ce, problem-solving 
Myers 

(2021) 
Meta-analysis Secondary 

school 
45 https://doi.org/10.1111/ldrp.12244 Other; 

achievement/performan

ce 
Meylani 

(2025) 
Systematic 

review 
Not 

mentioned 
25 https://doi.org/10.2478/dcse-2025-0014 AI in education; 

motivation/engagement 
Hillmayr 

(2020) 
Meta-analysis Secondary 

school 

(grade levels 

5–13) 

92 https://doi.org/10.1016/j.compedu.2020.103897 General digital edtech; 

achievement/performan

ce 

Subramania

m (2022) 
Systematic 

review 
Not 

explicitly 

34 https://doi.org/10.18844/cjes.v17i6.7494 Other; computational 

thinking 



mentioned 

(various 

levels 

implied) 
Liu (2025) Systematic 

review 
General 

educational 

settings (not 

specified) 

86 https://doi.org/10.48550/arxiv.2503.09748 ITS/adaptive tutoring; 

motivation/engagement 

Moore 

(2022) 
Systematic 

review 
K-12 12 https://doi.org/10.1080/15391523.2022.2148785 AI in education; 

motivation/engagement 
Opesemowo 

(2024) 
Systematic 

review 
Elementary, 

secondary, 

university 

10 https://doi.org/10.29333/ejmste/14762 AI in education; 

motivation/engagement 

Williams 

(2022) 
Meta-analysis Varied/not 

specified 
191 https://doi.org/10.1080/19345747.2021.2009072 Other; learning 

outcomes (general) 
Knogler 

(2022) 
Tinjauan meta-

analisis 
Secondary 41 https://doi.org/10.3389/fpsyg.2022.873995 Other; 

motivation/engagement 
Lecca 

(2024) 
Systematic 

review 
Varied/not 

specified 
55 https://doi.org/10.61707/j5c9ts33 Digital 

games/gamification; 

motivation/engagement 
Rakes 

(2020) 
Meta-analysis Not 

explicitly 

mentioned 

100 https://doi.org/10.1016/j.edurev.2020.100337 General digital edtech; 

achievement/performan

ce 
Kurniati 

(2023) 
Systematic 

review 
Not 

explicitly 

mentioned 

77 https://doi.org/10.24252/10.24252/mapan.2023v11

n2a12 
General digital edtech; 

problem-solving, 

motivation/engagement 
Zhumashev 

(2025) 
Systematic 

review 
General 

Education, 

Programmin

g (likely K-

12 and 

higher 

education) 

26 https://doi.org/10.53894/ijirss.v8i6.10048 ITS/adaptive tutoring; 

learning outcomes 

(general) 

Carvajal 

(2025) 
Systematic 

review 
Not 

mentioned 
 https://doi.org/10.60096/fundacionavanza/1264202

5 
General digital edtech; 

learning outcomes 

(general) 
Saat (2024) Systematic 

review 
Elementary 

school 

through 

college 

13 https://doi.org/10.6007/ijarped/v13-i4/22956 General digital edtech; 

achievement/performan

ce, problem-solving 

(谢晨) 

(2020) 

Meta-analysis Elementary 

(Grades 1-6 

in China or 

K-5 in the 

U.S.), 

Secondary 

(Grade 7-12 

in China or 

6-12 in the 

U.S.) 

 https://doi.org/10.1177/2096531120944410 General digital edtech; 

achievement/performan

ce 

Liu (2023) Meta-analysis Not 

mentioned 
27 https://doi.org/10.1177/01626434231180579 Other; 

achievement/performan

ce 
Çavus 

(2022) 
Meta-analysis Various (not 

explicitly 

detailed in 

quotes) 

98 https://doi.org/10.17275/per.22.45.9.2 General digital edtech; 

achievement/performan

ce 

Tlili (2023) Meta-analysis Primary 

education 
14 https://doi.org/10.1109/icalt58122.2023.00020 ITS/adaptive tutoring; 

learning outcomes 

(general) 

 

Synthesis of effectiveness evidence 

To improve readability, quantitative estimates reported by meta-analyses are summarized in 

Table 2. Overall, the meta-analytic evidence generally indicates small-to-moderate positive effects of 

intelligent tutoring and adaptive learning technologies on mathematics achievement and performance, 

although effect sizes vary substantially by platform, learner population, and implementation conditions. 

Some reviews also report positive trends for non-cognitive outcomes such as motivation and 

engagement, but these outcomes are less consistently measured and reported across reviews. 

Table 2. Summary of Quantitative Estimates Reported by Meta-Analyses (as extracted from the reviews) 



Review 

(author, 

year) 

k 

(primary 

studies, 

if 

reported) 

Focus/outcomes (brief) Metric & 

estimate (as 

reported) 

Interpretation notes 

(based on reporting) 

review) 

DOI 

Sun 

(2021) 
33 ITS/adaptive tutoring; 

achievement/performanc

e 

Hedges’ g 

= 0.05 

(95% CI 

[−0.01, 

0.20]) for 

ALEKS vs 

traditio

nal 

instructi

on; g = 

0.43 (95% 

CI [0.02, 

0.83]) 

when 

ALEKS as 

a 

suppleme

nt 

Overall effect is 

very small; stronger 

effects were 

reported under 

specific subgroup 

conditions (as noted 

in the review). 

https://doi.org/10.1080/19477503.2021.19261

94 

Huang 

(2025) 
30 ITS/adaptive tutoring; 

achievement/performanc

e, problem-solving 

g = 0.86 

(overall) 
A large positive 

effect was reported; 

model details/CI 

were not fully 

specified in the 

extracted summary. 

https://doi.org/10.4018/ijdet.368420 

Ran 

(2021b) 
77 General digital edtech; 

achievement/performanc

e, problem-solving 

Average 

Hedges’ g = 

0.23 

The review reports a 

small but 

statistically 

significant effect. 

https://doi.org/10.1111/jcal.12611 

Major 

(2021) 
16 Adaptive/personalized 

learning; learning 

outcomes (general) 

ES = 0.18 (p 

= 0.001) 
The effect-size 

metric was not fully 

specified in the 

extracted summary; 

effects were small 

and significant. 

https://doi.org/10.1111/bjet.13116 

Liu 

(2023) 
27 Other; 

achievement/performanc

e 

Tau-U = 

0.98 (95% 

CI 0.92–

1.00) 

Tau-U is common 

for particular single-

case designs and is 

not directly 

comparable to g/d. 

https://doi.org/10.1177/01626434231180579 

Knogler 

(2022) 
41 Other; 

motivation/engagement 
Range ES = 

0.01 hingga 

1.3; 80% ES 

>= 0.2; 54% 

ES >= 0.4 

Indicates substantial 

variation; dominant 

outcomes were 

general 

affective/cognitive 

measures. 

https://doi.org/10.3389/fpsyg.2022.873995 

Tlili 

(2023) 
14 ITS/adaptive tutoring; 

learning outcomes 

(general) 

Not reported 

(quantitative 

estimate not 

available in 

the extracted 

summary). 

Treat as 

qualitative/conceptu

al evidence only. 

https://doi.org/10.1109/icalt58122.2023.0002

0 

Wang 

(2024) 
45 Adaptive/personalized 

learning; 

cognitive/metacognitive 

g = 0.70 Moderate-to-large 

effects for cognitive 

outcomes compared 

with non-adaptive 

conditions. 

https://doi.org/10.1177/07356331241240459 

Williams 

(2022) 
191 Other; learning 

outcomes (general) 
Average 

effect size = 

0.31 (for 

mathematics

) 

The metric was not 

specified in the 

extracted summary; 

effects were small-

to-moderate. 

https://doi.org/10.1080/19345747.2021.20090

72 

Ran 

(2021a) 
31 General digital edtech; 

achievement/performanc

e, problem-solving 

d  =  .   

(overall, 

low-

Moderate-to-large 

effects in certain 

subgroups; 

https://doi.org/10.1177/0735633120952063 



performing 

students)  

problem-

solving 

system d  = 

 .    tutorial 

d  =  .    

computerize

d practice d  

= 0.23 

dependent on 

intervention type. 

Hillmayr 

(2020) 
92 General digital edtech; 

achievement/performanc

e 

g = 0.65 (p 

< .001) 
Moderate effect; 

heterogeneity and 

intervention 

variation should be 

noted. 

https://doi.org/10.1016/j.compedu.2020.1038

97 

Myers 

(2021) 
45 Other; 

achievement/performanc

e 

g = 0.52 Moderate effect (the 

review summary 

describes it as 

'moderately large'). 

https://doi.org/10.1111/ldrp.12244 

Rakes 

(2020) 
100 General digital edtech; 

achievement/performanc

e 

γAch = 

0.113 (p = 

.004); 

γOrntn = 

0.125 (p < 

.001) 

Gamma/coefficient 

metric; small effects 

but consistent for 

certain outcomes. 

https://doi.org/10.1016/j.edurev.2020.100337 

Benavides

-Varela 

(2020) 

15 General digital edtech; 

achievement/performanc

e 

Mean ES = 

0.55 
Moderate effect; 

types of digital 

interventions varied. 

https://doi.org/10.1016/j.compedu.2020.1039

53 

Maanu 

(2025) 
7 AI in education; 

achievement/performanc

e, 

motivation/engagement 

g = 0.603 (p 

< 0.001; 

95% CI 

0.393–

0.813) 

Moderate-to-large 

effect; the number 

of primary studies 

was relatively small 

(low k). 

https://doi.org/10.47191/ijmcr/v13i9.09 

 

Note. k indicates the number of primary studies reported by each review (if available) and does 

not necessarily represent exclusive studies due to overlap across reviews. Estimates are presented as 

reported in the source reviews. 

Consistent moderators 

Across reviews, recurring moderators include education level, baseline achievement, 

intervention duration, the presence of meaningful personalization, and the quality of instructional 

feedback. Interventions tended to yield stronger effects when they provided immediate, informative 

feedback; adapted practice based on learner responses; and were integrated into classroom routines 

with teacher support. Conversely, weaker or null effects were more frequently reported when 

technology use was brief, poorly aligned with learning objectives, or implemented without adequate 

guidance. 

Strength of evidence and methodological issues 

Table 3 presents the methodological appraisal results based on a proxy AMSTAR 2 approach. 

Confidence in the evidence varies across reviews, with common weaknesses including limited protocol 

registration, incomplete reporting of search coverage, and inconsistent handling of publication bias. In 

addition, overlap among primary studies across reviews remains a key threat to interpretation and 

motivates cautious synthesis. 

Table 3. Methodological Quality Appraisal (proxy AMSTAR 2) for the Included Reviews 

Review Protocol/registration Comprehensive 

search 
Risk of 

bias/quality 

appraisal 

Heterogeneity/synthesis 

methods 
Publication 

bias 
Confidence 

(proxy) 

Hahs-Vaughn 

(2024a) 
Yes No clear Yes Yes NA Moderate 

Saat (2024) No clear Yes Yes Yes NA Moderate 
Sun (2021) No clear No clear Yes Yes No clear Low 

(insufficient 

reporting) 
Liu (2025) No clear Yes Yes Yes NA Moderate 
Hahs-Vaughn 

(2024b) 
Yes NA NA NA NA NA 

(protokol) 
(谢晨) 

(2020) 

No clear No clear Yes Yes No clear Low 

(insufficient 



reporting) 
Hwang (2021) No clear No clear Yes Yes NA Moderate 
Çavus (2022) No clear Yes Yes Yes Yes Moderate 
Feng (2021) No clear No clear Yes Yes NA Moderate 
Huang (2025) No clear Yes Yes Yes No clear Moderate 
Ran (2022) No clear No clear Yes Yes No clear Low 

(insufficient 

reporting) 
Olmo-Muñoz 

(2022) 
No clear No clear Yes Yes NA Moderate 

Mredula 

(2024) 
No clear No clear Yes Yes NA Moderate 

Major (2021) No clear Yes Yes Yes No clear Moderate 
Liu (2023) No clear No clear Yes Yes No clear Low 

(insufficient 

reporting) 
Knogler 

(2022) 
No clear No clear Yes Yes Yes Moderate 

Tlili (2023) No clear No clear Yes Yes No clear Low 

(insufficient 

reporting) 
Subramaniam 

(2022) 
No clear Yes Yes Yes NA Moderate 

Kurniati 

(2023) 
No clear Yes Yes Yes NA Moderate 

Meylani 

(2025) 
No clear No clear Yes Yes NA Moderate 

Opesemowo 

(2024) 
No clear Yes Yes Yes NA Moderate 

Wang (2024) No clear No clear Yes Yes No clear Low 

(insufficient 

reporting) 
Zhumashev 

(2025) 
No clear Yes Yes Yes NA Moderate 

Panqueban 

(2024) 
No clear No clear Yes Yes NA Moderate 

Awang (2025) No clear No clear Yes Yes NA Moderate 
Hwang (2022) No clear Yes Yes Yes Yes Moderate 
Williams 

(2022) 
No clear Yes Yes Yes No clear Moderate 

Létourneau 

(2025) 
No clear Yes Yes Yes NA Moderate 

Son (2024) No clear No clear Yes Yes NA Moderate 
Borah (2024) No clear No clear Yes Yes NA Moderate 
Ran (2021) No clear No clear Yes Yes No clear Low 

(insufficient 

reporting) 
Moore (2022) No clear Yes Yes Yes NA Moderate 
Lecca (2024) No clear Yes Yes Yes NA Moderate 
Hillmayr 

(2020) 
No clear Yes Yes Yes Yes High 

Myers (2021) No clear No clear Yes Yes No clear Low 

(insufficient 

reporting) 
Tamur (2023) No clear Yes Yes Yes Yes Moderate 
Rakes (2020) No clear No clear Yes Yes Yes Moderate 
Benavides-

Varela (2020) 
No clear No clear Yes Yes Yes Moderate 

Carvajal 

(2025) 
No clear Yes No clear No clear NA Low 

(insufficient 

reporting) 
Maanu (2025) No clear No clear Yes Yes Yes Moderate 

 

Implications for implementation in Indonesia 

For Indonesian contexts, the synthesized evidence suggests that intelligent tutoring and adaptive 

platforms can be beneficial when they complement teacher instruction rather than replace it. Priority 

implementation conditions include (1) alignment of tasks with the curriculum, (2) teacher professional 

development on interpreting learning analytics and orchestrating blended learning, (3) equitable access 

to devices and connectivity, and (4) careful attention to data privacy and ethical use of learner data. 



Pilot implementations should include monitoring of both learning gains and student experience to 

avoid widening existing learning gaps. 

Research and reporting agenda 

Future research should improve transparency and comparability by: (1) preregistering review 

protocols, (2) reporting complete search strings and selection decisions, (3) providing complete lists of 

included primary studies to enable overlap quantification (e.g., CCA), (4) consistently measuring both 

cognitive and non-cognitive outcomes, and (5) testing moderators that reflect real implementation 

constraints (teacher involvement, dosage, and platform features). In addition, as newer conversational 

and generative systems enter classrooms, evaluative studies should clearly define the intervention, data 

handling, and safeguards. 

Limitations and contribution 

This umbrella review is limited by incomplete reporting in some source reviews (e.g., missing 

lists of primary studies), which constrained overlap analysis and fully standardized quality appraisal.  

Nevertheless, the manuscript contributes a consolidated evidence map, a structured synthesis of 

reported effect sizes, and a pragmatic appraisal of review quality to support decision making in 

mathematics education. 

CONCLUSION 

Across the 40 included reviews, the synthesized evidence indicates that intelligent tutoring systems, 

adaptive learning platforms, and related AI-enabled technologies generally produce positive effects on 

mathematics achievement and performance, most often in the small-to-moderate range. Benefits are 

most consistently reported when personalization is instructionally meaningful, feedback is timely and 

informative, and technology use is embedded in classroom routines with active teacher support. In 

contrast, evidence for newer conversational or generative systems remains comparatively limited and 

heterogeneous, highlighting the need for cautious claims about broad effectiveness. 

From an implementation perspective particularly for Indonesian school and higher-education settings, 

the review suggests prioritizing (1) curricular alignment of digital tasks, (2) teacher professional 

development focused on interpreting learning analytics and orchestrating blended learning, (3) 

equitable access to devices and connectivity, and (4) data governance that protects student privacy and 

supports ethical use of learner data. Pilot deployments should track both cognitive outcomes 

(achievement/problem solving) and non-cognitive outcomes (motivation/engagement), because the 

latter are reported less consistently across reviews yet are central to sustained use and learning gains. 

Methodologically, the confidence of this umbrella synthesis is constrained by incomplete reporting in a 

subset of source reviews and by potential overlap of primary studies across reviews. Strengthening 

future evidence will require preregistered protocols, transparent and reproducible search and screening 

logs, standardized outcome definitions, and clearer reporting of moderators (e.g., dosage, learner level,  

platform features, and teacher involvement). Taken together, the findings support targeted, well-

supported adoption of adaptive/ITS technologies in mathematics education while emphasizing rigorous 

evaluation and responsible implementation. 
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APPENDIX 

Appendix A. Search strategy and query strings 

Source and parameters: the primary search was conducted on 18 December 2025 using Semantic 

Scholar. The time window was restricted to 2010-2025. Forward-backward citation chasing was 

performed for high-relevance reviews. 

Query 1 (main): ("intelligent tutoring system" OR "intelligent tutoring systems" OR "adaptive 

learning" OR "adaptive tutoring" OR "AI tutoring" OR "artificial intelligence tutor" OR "math tutoring 

system") AND ("mathematics" OR "math" OR "numeracy" OR "algebra" OR "geometry") AND 

("systematic review" OR "meta-analysis" OR "review" OR "overview of reviews"). 

Query 2 (school mathematics focus): ("intelligent tutoring system" OR "adaptive learning" OR 

"adaptive tutoring") AND ("mathematics education" OR "school mathematics" OR "K-12") AND 

("systematic review" OR "meta-analysis"). 

Query 3 (tutoring-specific): ("intelligent tutoring system" OR "adaptive tutoring" OR "step-by-

step feedback") AND ("mathematics") AND ("systematic review" OR "meta-analysis" OR "overview 

of reviews"). 

Appendix B. Deduplication and selection rules 

Eligibility screening: full texts were examined to confirm that the study was a structured review 

and that the intervention category (intelligent tutoring/adaptive/artificial intelligence-enabled learning 

technology) was applied in mathematics learning contexts. 

Deduplication: (1) remove exact duplicates using DOI matching; (2) for records without DOI, 

normalize titles (lowercase, remove punctuation, remove extra whitespace) and treat records as 

duplicates when normalized titles match; (3) when uncertain, retain the record and decide at the full-

text stage. 


