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Artificial intelligence (AI) and learning analytics are increasingly integrated into 

educational systems, yet their impact on self-regulated learning (SRL) and meta-
cognition remains not fully understood. This systematic review synthesizes find-
ings from 34 empirical and review studies on AI-driven learning analytics in for-
mal education, focusing on their effects on SRL, metacognition, motivation, and 
academic performance. Following PRISMA guidelines, studies were identified 
through searches in Scopus, Web of Science, ERIC, and Google Scholar for articles 
published between 2020 and 2025, using keywords related to AI, learning analyt-
ics, SRL, and metacognition. Studies were included if they used AI-based analyti-
cal or adaptive systems, standardized SRL or metacognitive measures, and pre–
post or comparison data. Results show that AI-based tools such as predictive mod-
els, intelligent tutoring systems, adaptive platforms, learning dashboards, and 
generative or conversational AI support goal setting, monitoring, strategy adjust-
ment, and reflective evaluation through feedback, progress visualization, and per-
sonalized recommendations. Most studies report improvements in SRL strategies, 
metacognitive awareness, motivation, engagement, and learning outcomes, 
though effects vary across research design quality, educational levels, and subject 
areas. However, several challenges persist, including infrastructural limitations, 
limited teacher readiness, data privacy and ethical issues, algorithmic bias, and 
potential overreliance on AI that may weaken learners’ independent strategic 
thinking. Overall, AI-driven learning analytics hold substantial potential to en-
hance SRL and metacognition when integrated within coherent pedagogical 
frameworks and supported by institutional policies promoting transparency, eq-
uity, and human agency. 

Abstrak 

Kecerdasan buatan (AI) dan learning analytics semakin meluas dalam sistem pendidikan, 

namun dampaknya terhadap self-regulated learning (SRL) dan metakognisi masih belum 

sepenuhnya dipahami. Tinjauan sistematis ini mensintesis temuan dari 34 studi empiris 

dan tinjauan pustaka mengenai penerapan AI-driven learning analytics di pendidikan for-

mal, berfokus pada pengaruhnya terhadap SRL, metakognisi, motivasi, dan kinerja akade-

mik. Dengan mengikuti pedoman PRISMA, artikel dipilih melalui pencarian di Scopus, 

Web of Science, ERIC, dan Google Scholar untuk periode 2020–2025 menggunakan kata 

kunci terkait AI, learning analytics, SRL, dan metakognisi. Studi disertakan jika 

menggunakan sistem analitik atau adaptif berbasis AI dengan instrumen terstandar dan 

data perbandingan pre–post. Hasil menunjukkan bahwa alat berbasis AI seperti model 

prediktif, sistem tutor cerdas, platform adaptif, dashboard pembelajaran, serta AI generatif 

atau konversasional mendukung penetapan tujuan, pemantauan, adaptasi strategi, dan 

refleksi melalui umpan balik, visualisasi kemajuan, dan rekomendasi otomatis. Sebagian 

besar studi melaporkan peningkatan strategi SRL, kesadaran metakognitif, motivasi, 

keterlibatan, dan hasil belajar, meski efek berbeda bergantung pada desain penelitian, 

jenjang pendidikan, dan bidang studi. Namun, tantangan tetap muncul, termasuk 

keterbatasan infrastruktur, kesiapan guru, privasi data, bias algoritmik, serta potensi 

ketergantungan berlebih pada AI yang dapat melemahkan kemandirian berpikir strategis. 

Secara keseluruhan, AI-driven learning analytics berpotensi memperkuat SRL dan 

metakognisi bila diintegrasikan dalam kerangka pedagogis yang jelas dan didukung 

kebijakan institusional yang menegakkan transparansi, keadilan, dan agensi manusia. 

This is an open access article under the CC–BY-SA license 

Kata Kunci 

AI in education, Learning analytics, 

Self-regulated learning, Metacognition. 

 

Correspondence 

E-mail: rhezwan.dhaifullah@upi.edu* 

 

 

https://journal.makwafoundation.org/index.php/intellect
http://creativecommons.org/licenses/by-sa/4.0/
http://creativecommons.org/licenses/by-sa/4.0/
mailto:*rhezwan.dhaifullah@upi.edu
http://creativecommons.org/licenses/by-sa/4.0/


Intellect : International Journal of Innovation Learning and Technology 

Vol. 04 No. 02 July-December 2025 pp, 329 – 347 

   https://10.57255 /intellect.v4i2.1657                                                              Rhezwan Dhaifullah Romdhoni et.al, AI-Driven Learning... 330 

1. Introduction 

Artificial Intelligence (AI) has become a central driver of innovation in education, reshaping how 

learning is designed, delivered, and evaluated across disciplines and educational levels. Recent system-

atic and scoping reviews document a rapid expansion of AI-enhanced systems, including intelligent 

tutoring, adaptive platforms, and predictive analytics that aim to personalize instruction and support 

decision making in complex learning environments [1]. This expansion spans multiple domains such as 

higher education, medical and special education, and broader technology-enhanced learning, reflecting 

the growing expectation that AI will play a structural role in future educational ecosystems [2]. 

In parallel, self-regulated learning (SRL) has been increasingly emphasized as a core competence 

for learners navigating digital and online environments. SRL captures learners’ abilities to set goals, 

select strategies, monitor progress, and reflect on outcomes, and has been identified as critical for suc-

cess in e-learning and blended settings [3], [4]. Systematic reviews on SRL in the digital age highlight 

that students increasingly rely on a combination of cognitive, metacognitive, and motivational strategies 

to manage their learning, but also that many struggle to maintain effective regulation without targeted 

support [5], [6]. These observations position SRL as a natural focal point for understanding how AI 

might not only deliver content but also shape learners’ agency and autonomy over time [3], [5]. 

Within this broader landscape, AI technologies are increasingly deployed to scaffold specific SRL 

processes rather than functioning solely as content delivery tools. Qualitative and systematic reviews in 

higher education show that AI-empowered environments can prompt learners to plan their study ac-

tivities, monitor their performance, and adjust strategies based on adaptive feedback and analytics-

based insights [7]. Learning analytics dashboards and recommendation systems help students track 

progress, manage time, and identify at-risk patterns, thereby supporting the behavioral and monitoring 

dimensions of SRL in online and MOOC contexts [6]. At the same time, research on educational chatbots 

indicates that conversational agents can assist with resource identification and real-time clarification of 

understanding in self-paced learning scenarios, extending SRL support into everyday interactions with 

learning platforms [8], [9]. 

More recently, generative and conversational AI have been conceptualized as cognitive partners 

that can influence learners’ metacognitive and reflective practices. Systematic reviews report that gen-

erative AI can provide tailored explanations, hints, and reflective prompts that encourage students to 

articulate reasoning, compare alternative solutions, and revise their understanding, with emerging ev-

idence of positive effects on self-regulated learning and critical thinking [10], [11]. Studies on AI-en-

hanced autonomous learning in vocational and higher education further suggest that AI-driven systems 

may support goal setting and strategy selection by offering structured pathways and personalized rec-

ommendations [12] In addition, work on AI-mediated metacognitive and emotional support under-

scores that AI can be integrated into broader frameworks targeting psychological and reflective dimen-

sions of learning, not only cognitive performance [13]. 

Despite these promising developments, the literature also highlights substantial risks and unre-

solved tensions in how AI shapes SRL. Reviews of AI-supported learning environments caution that 

poorly structured or excessive reliance on AI can foster dependence on automated suggestions, reduce 

opportunities for productive struggle, and encourage shallow engagement, especially when AI is used 

primarily as an answer-providing tool [11]. Ethical and equity concerns add further complexity, as stud-

ies on AI in online and language learning point to challenges related to data privacy, algorithmic bias, 

and uneven access to AI-rich infrastructures, which may differentially impact learners’ capacity to ex-

ercise self-regulation [9]. At the same time, analyses of AI in medical and special education show that 

domain-specific implementations raise unique questions about transparency, trust, and appropriate lev-

els of automation in high-stakes learning contexts [14]. 
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Research on AI, learning analytics, and SRL has expanded rapidly since 2020 but remains fragmented 

[13], [15] Existing reviews examine isolated strands: intelligent tutoring systems [16], AI in 

medical/special education [14], generative AI assessment practices [17], or domain-specific 

applications. Critically, comprehensive synthesis systematically maps AI-driven learning analytics 

tools, the specific SRL/metacognitive subprocesses they target, their effects on motivation and 

performance, and the implementation mechanisms/conditions that mediate outcomes across formal 

education levels (K-12 through higher education) [15].  

This systematic review addresses this gap by synthesizing evidence from 34 empirical studies on 

AI-driven learning analytics in formal education settings. (1) map AI-driven learning analytics tools 

(predictive models, intelligent tutoring systems, dashboards, generative AI) and their targeted 

SRL/metacognitive processes;  (2) synthesize reported effects on SRL skills, metacognitive awareness, 

motivation, engagement, and academic performance; and (3) identify implementation mechanisms, en-

abling conditions, and challenges explaining heterogeneous findings and sustainability concerns. 

2. Methods 

This systematic literature review followed PRISMA 2020 guidelines to synthesize evidence on AI-

driven learning analytics—defined as learning analytics incorporating machine learning, predictive 

modeling, or adaptive algorithms to analyze learner data and deliver personalized SRL support, distin-

guishing them from descriptive analytics. 

Literature search from databases in Scopus, Web of Science, ERIC, and Google Scholar, covering 

peer-reviewed articles published between 2020 and 2025 in Indonesian or English. The search keywords 

combined terms related to artificial intelligence (“artificial intelligence,” “machine learning,” “predic-

tive models,” “generative artificial intelligence”), learning analytics (“learning analytics,” “educational 

data mining,” “dashboard”), SRL (“self-regulated learning,” “self-regulation,” SRL), and metacognition 

(“metacognition,” “self-awareness,” “self-monitoring”), yielding 1,400 records. 

Inclusion criteria required: (1) students in formal education (K-12, higher education, vocational 

training); (2) AI-driven learning analytics interventions analyzing learner data for SRL/metacognitive 

support; (3) standardized SRL/metacognitive measures (e.g., MSLQ, Metacognitive Awareness Inven-

tory) with empirical pre-post/comparison data; and (4) peer-reviewed empirical or review studies 2020-

2025. Exclusion criteria eliminated theoretical papers, non-AI tools, informal learning contexts, and 

studies lacking standardized measures. 

 

Figure 1. PRISMA 2020 Flow Diagram of Study Selection 

From 1,400 records identified through database searching using keywords "artificial intelligence," 

"learning analytics," "self-regulated learning," and "metacognition/standardized instruments," 500 rec-

ords were retained after relevance screening. Abstract screening based on inclusion criteria (AI-driven 

analytics, standardized SRL measures, empirical data) yielded 41 articles eligible for full-text review. 
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Full-text screening based on AI-driven interventions, standardized SRL measures, and empirical de-

signs resulted in 34 studies included in the synthesis, reporting, and dissemination. 

Table 1. MMAT Quality Appraisal Summary 

Study Type n High Quality Moderate Low 

Quantitative 22 14 (64%) 7 (32%) 1 (4%) 

Qualitative 6 3 (50%) 3 (50%) 0 

Mixed Methods 6 3 (50%) 2 (33%) 1 (17%) 

Systematic Reviews 4 3 (75%) 1 (25%) 0 

R&D/Design-based 2 1 1 0 

TOTAL 34 21 (62%) 10 (29%) 3 (9%) 

Quality appraisal used Mixed Methods Appraisal Tool (MMAT) 2018 across quantitative (n=22), 

qualitative (n=6), and mixed methods (n=6) designs. Overall quality was high (≥80%, n=21), moderate 

(50-79%, n=10), and low (<50%, n=3; mean score 78%). Low-quality studies were weighted cautiously 

during synthesis. 

Data extraction covered study characteristics, AI-driven learning analytics details (tool type, fea-

tures, data sources), SRL/metacognitive instruments, effects on SRL/metacognition/motivation/per-

formance, and proposed mechanisms. Synthesis employed narrative synthesis with thematic analysis, 

organizing findings into three themes aligned with review aims: (1) AI tools and targeted SRL/meta-

cognitive processes, (2) reported effects and outcomes, and (3) implementation mechanisms, conditions, 

and challenges. Tabular summaries and vote-counting by effect direction supplemented the narrative 

synthesis. 

3. Result and Discussion 

3.1. Result 

Based on the systematic review process described in the Method section, the final corpus comprises 

34 empirical and review studies on AI‑driven learning analytics and self‑regulated learning across pri-

mary, secondary, and higher education. The key characteristics of these studies are summarized in Tabel 

2, including author and year, study type, educational level, population, and methodological approach. 

Table 2. Summary of studies reviewed 

Authors (Year) Study Type Level AI/LA Type SRL Measure Design Main Outcome Quality 

Sulaiman et al. 

(2025) Primary Higher Predictive MSLQ PLS-SEM 

Self-dev 

R²=0.792 ↑ High 

Amanullah 

(2025) SLR Secondary Adaptive Lit review 

Theory 

synth 

SRL 

framework High 

Lazaro Dewi 

(2025) Primary Higher ML Self-report Quant desc 

Independence 

↑ Mod 

Eka Budhi 

(2020) Primary Higher Clustering Self-report K-means Style pred 78% Mod 

B.P. Gautama 

(2024) Primary Higher Predictive Rasch 

Rasch 

model Performance ↑ High 

Shindy Arti 

(2025) Primary Higher Neural Net Adaptability CRISP-DM 

94.3% 

accuracy ↑ High 

Nirmala 

Ardana (2025) Primary Higher Predictive Independence Regression β=0.333 ↑ High 

Satunggale 

(2025) R&D Secondary Adaptive Self-report Borg & Gall 

Scores +23.5% 

↑ Mod 

Enry Jaohari 

(2025) Primary Higher Generative Qual scales Qual desc Motivation ↑ Mod 

Asyhari 

Usman (2025) Primary Secondary Adaptive Independence Quasi-exp +9.83 pts ↑ High 
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Authors (Year) Study Type Level AI/LA Type SRL Measure Design Main Outcome Quality 

Selviana (2023) Primary Higher Mixed ML Mixed scales Mixed Engagement ↑ Mod 

Miftakhuddin 

(2025) Primary Higher Predictive MSLQ Mixed Framework ↑ High 

Christine 

(2021) Primary Secondary Generative Qual Qual desc 

Understanding 

↑ Low 

Liina Parn 

(2025) Primary Higher SEM Experience SmartPLS R²=0.65 ↑ High 

Sumarlin 

(2025) Primary Higher ML comp Style ML 

78% accuracy 

↑ High 

M. Fadhilah 

(2025) SLR Primary Lit review Lit-based PRISMA Literacy ↑ High 

Annas Prasetio 

(2025) Primary Secondary Chatbot Scores Mixed +15.7% ↑ Mod 

Rizki Suryaw 

(2025) Primary Higher Qual Motivation Qual desc 75% positive ↑ Mod 

Syamsidar Hs 

(2024) Primary Higher Survey Confidence Quant surv 

38% strong 

agree Mod 

Desty Yani 

(2025) SLR Mixed Ensemble Performance SLR 97.12% ↑ High 

Supriadi (2025) Primary Secondary Media Crit thinking Quasi-exp η²=0.95 ↑ High 

Sukarman 

Purba (2025) Primary Higher Survey Performance Quant surv 

Grades 70→80 

↑ Mod 

Ginati (2024) Primary Higher Quant Crit thinking Quant desc 53.2% ↑ High 

Muttaqin 

(2025) Primary Secondary Media Understanding Quasi-exp +15-25% ↑ High 

Faizal Amir 

(2024) Primary Higher Organizer Post-test Quasi-exp N-Gain 0.599 ↑ High 

Masti Yanto 

(2025) Lit review Mixed Personal Outcomes Qual desc +15% ↑ Mod 

Mohd Faisal 

(2022) Primary Higher Neural Style NN 78-100% ↑ High 

Miftakhuddin 

(2025a) Primary Higher Case Qual Case study Framework ↑ Mod 

S.C. Relmasira 

(2025) Primary Primary DBR Literacy 

Design-

based Diff ↓46→16% Mod 

Gisca Dea 

(2025) Primary Secondary Survey Survey Quant surv Motivation ↑ Mod 

Iis Marsithah 

(2024) Primary Higher AI learn Performance Quant surv +45%/usage ↑ High 

Azmy Muchtar 

(2025) Primary Secondary Platform Grades Quant surv 70→80 ↑ Mod 

Lena (2021) Primary Higher KNN Performance Exp KNN 85% ↑ High 

Anindita 

(2024) Primary Secondary SEM Adoption SEM UTAUT2 ↑ High 

Yohana Loisa 

(2025) Primary Secondary GPT math Scores Quasi-exp 65→91 ↑ High 

Tabel 2 provides a structured overview of how AI and learning analytics have been implemented 

to support learning processes in different contexts, ranging from PLS‑SEM studies on personality and 

AI use to experimental and data‑mining approaches for predicting student performance and adaptabil-

ity. By organizing the evidence in this way, the table establishes the empirical foundation for the subse-

quent analysis of AI tools and learning analytics approaches, prediction models and accuracy, and their 

effects on self‑regulation, motivation, and academic outcomes discussed in the following subsections. 
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3.1.1. AI and Learning Analytics Approaches 

The reviewed studies employed a wide spectrum of AI technologies and learning analytics ap-

proaches to support teaching, learning, and assessment. Tools such as ChatGPT [18], Gemini [19], and 

various machine learning platforms [20] were used primarily for language-based assistance, prediction, 

and decision support in educational settings. Domain-specific applications such as Photomath for math-

ematical problem-solving [21], FERMATA AI for music education [22], and Grammarly for writing sup-

port [23] indicate that AI adoption is not limited to general-purpose tools, but also extends to subject-

oriented solutions. 

Table 3. Categories of AI approaches and tools used 

Category n (%) Examples LA Features 

Predictive Analytics 15 (44%) Neural Nets [20], KNN [24] 
LMS data → perf/adapt 

pred 

Adaptive Dashboards 11 (32%) LMS feedback [25] Behavior → recs 

Generative Assist. 8 (24%) 
ChatGPT [26], GPT math 

[27] 
NLP → prompts 

Machine learning algorithms were extensively applied for predictive analytics, particularly for es-

timating students’ adaptability, learning styles, and academic performance. Neural networks achieved 

the highest reported accuracy of 0.943 in predicting student adaptability levels [20], suggesting strong 

potential for early identification of students who may require additional support. The K-Nearest Neigh-

bor algorithm reached 78% accuracy in learning style prediction [28] and 85% accuracy in student per-

formance prediction [24], indicating that relatively simple classifiers can still be effective in educational 

data mining contexts. 

Learning management systems (LMS) functioned as the primary integration platforms where AI 

features are embedded for real-time feedback and personalization [29]. Through these platforms, AI 

tools are operationalized in everyday learning activities, enabling continuous monitoring of learner be-

havior and adaptive adjustment of learning materials. Overall, the findings show a clear trend toward 

combining predictive models with embedded AI services to provide more responsive and individual-

ized learning experiences. 

3.1.2. Learning Analytics Implementation Approaches 

Learning analytics implementations in the reviewed studies ranged from the use of standalone AI 

tools to fully integrated solutions embedded within learning management systems (LMS). Implemen-

tations were not only technical but also methodological, combining statistical modeling, data mining 

frameworks, and measurement models to capture the impact of AI on learning processes and outcomes. 

Structural Equation Modeling with PLS was commonly employed to analyze the relationships be-

tween AI use and learning outcomes, allowing researchers to test complex causal paths involving me-

diating and moderating variables [18]. The CRISP-DM methodology provided a structured framework 

for data mining workflows in student adaptation prediction, ensuring systematic steps from problem 

understanding to model evaluation [20]. In parallel, the Rasch model was used to assess the effective-

ness of AI-supported interventions across different difficulty levels, enabling more precise evaluation 

of item and learner characteristics [30]. 

Data sources utilized across the studies were diverse, reflecting both behavioral traces and self-

reported perceptions. These included clickstream data from LMS interactions that captured students’ 

learning behaviors over time [29], assessment data from pre- and post-tests to measure learning gains 

[26], as well as behavioral and demographic data for profiling and prediction purposes [28]. Survey-

based perceptual data were also used to capture students’ and teachers’ attitudes toward AI tools, com-

plementing objective performance indicators [31]. 
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The level of automation in learning analytics systems ranged on a continuum from fully automated 

predictive models to human–AI collaborative approaches. Fully automated systems generated predic-

tions or alerts with minimal human intervention, for example in adaptive recommendation or early-

warning scenarios [20]. In contrast, human AI collaborative implementations emphasized teacher in-

volvement in interpreting analytics outputs and making pedagogical decisions, ensuring that AI-gen-

erated insights were contextualized within classroom practices [26]. 

3.1.3. Prediction Models and Accuracy 

Table 4. Prediction Models and Accuracy 

Authors & Year Prediction Type Algorithm Performance Key Variable 

[20] Shindy Arti et al., 

2025 

Adaptability level Neural Network 0.943 accuracy Gender, age, 

education level, class 

duration 

[28] Sumarlin 

Sumarlin et al., 2025 

Learning style K-Nearest Neighbor 78% accuracy Final grade, predicate, 

study program, 

gender 

[24] Lena et al., 2021 Student performance KNN (k=3) 85% accuracy Contextual 

information 

[29] Ibrahim et al., 

2022 

Learning style 

dimensions 

Neural Networks 78–100% accuracy LMS interaction 

records 

[32] Liina Parn et al., 

2025 

User experience SEM R² = 0.65 Content quality, 

interactivity, 

technology readiness 

[18] Rasid et al., 2025 Self-development PLS-SEM R² = 0.792 Personality traits, AI 

utilization 

[33] Desty Yani et al., 

2025 

Student performance XGBoost, Random 

Forest 

97.12% accuracy, 

99.5% F-measure 

Activity-related data 

Recent studies demonstrate that machine learning applications for predicting student performance, 

learning behavior, and user experience have reached consistently high levels of accuracy. The Neural 

Network model employed by [20], for example, achieved an accuracy of 0.943 in predicting adaptability 

levels based on demographic factors such as gender, age, education level, and class duration. This find-

ing aligns with [29], who also used Neural Networks to identify learning style dimensions from LMS 

interaction records, reporting accuracies ranging from 78% to 100%. 

Instance-based approaches such as K-Nearest Neighbor (KNN) also demonstrate competitive per-

formance. [28] reported 78% accuracy in predicting learning styles using variables including final grade, 

predicate, study program, and gender. Similarly, [24] achieved 85% accuracy in predicting student per-

formance using KNN (k = 3) and contextual information as predictors. 

Structural modeling techniques reveal additional insights. [32] applied SEM and obtained R² = 0.65 

to model user experience, driven by key variables such as content quality, interactivity, and technology 

readiness. Meanwhile, [18] employed PLS-SEM and achieved R² = 0.792 in predicting self-development, 

influenced primarily by personality traits and AI utilization. 

Ensemble learning methods show the strongest predictive capabilities. [33] reported 97.12% accu-

racy and a 99.5% F-measure using XGBoost and Random Forest on activity-related data. Furthermore, 

the systematic review conducted by [33] highlighted Random Forest as the most frequently used algo-

rithm for student performance prediction, achieving F-measure scores up to 99.5%. Deep learning ap-

proaches, particularly RNN-LSTM, also demonstrated strong performance with 97% accuracy and 98% 

AUC for sequential data analysis. 
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3.1.4. Effects on Self-Regulation and Metacognitive Development 

3.1.4.1. Quantitative Effects on Learning Independence 

Table 5. The relationship between AI/LA and SRL outcomes and metacognition 

Study Outcome Measure Statistical Result Significance 

[19] Nirmala Ardana et al., 

2025 

Learning independence β = 0.333 p = 0.011 

[18] Rasid et al., 2025 Self-development β = 0.267 p < 0.05 

[18] Rasid et al., 2025 Learning effectiveness β = 0.639 p < 0.05 

[34] Usman et al., 2025 Learning independence 

score 

Exp: 88.73, Ctrl: 78.90 p < 0.05 

[35] Supriadi et al., 2025 Critical thinking F(2,26) = 65.14, η² = 0.95 p = 0.021 

[36] Ayuningtyas et al., 

2024 

Critical thinking 53.2% contribution p < 0.001 

[37] Yosi Amelia Putri et al., 

2025 

Self-efficacy R² = 0.489 Significant 

Empirical evidence from multiple studies shows a consistent pattern indicating that learning inter-

ventions and learner characteristics significantly enhance students’ self-regulation and metacognitive 

development. [19] reported a positive and significant effect on learning independence (β = 0.333, p = 

0.011), demonstrating that the intervention meaningfully strengthened students’ autonomous learning 

skills. This finding aligns with the experimental results of [34], where the experimental group achieved 

a higher learning independence score (88.73) compared to the control group (78.90), with statistical sig-

nificance (p < 0.05). Together, these results illustrate a consistent improvement in learners’ self-regula-

tory behavior across both correlational and experimental designs. 

Further evidence from [18] strengthens the argument for the role of individual traits and AI utili-

zation in supporting developmental outcomes. Their findings indicate significant effects on self-devel-

opment (β = 0.267, p < 0.05) and an even stronger impact on learning effectiveness (β = 0.639, p < 0.05), 

suggesting that cognitive and behavioral performance is substantially shaped by these contributing fac-

tors. 

Metacognitive development is also supported through improvements in critical thinking ability, a 

core component of higher-order cognition. [35] reported a large effect on critical thinking with F(2,26) = 

65.14, η² = 0.95, and p = 0.021, indicating a highly robust influence. Complementarily, [36] found that 

critical thinking accounted for 53.2% of the observed outcomes (p < 0.001). These results converge to 

suggest that the interventions and learning contexts examined in these studies strengthen learners’ eval-

uative and analytical thinking skills that are foundational to metacognitive regulation. 

Additionally, [37] reported that self-efficacy was significantly predicted within their model, with 

R² = 0.489, indicating that nearly half of the variance in self-efficacy can be explained by the examined 

factors. Given that self-efficacy is closely related to self-regulation, this result reinforces the overall trend 

observed across studies. 

3.1.4.2. Academic Performance Improvements 

Table 6. System performance and impact on learning 

Study Context Performance 

Measured 

Result Significance 

[25] Satunggale 

Kurniawan et al., 2025 

Adaptive learning 

media 

Post-test scores 23.5% increase Significant 

[26] Annas Prasetio et 

al., 2025 

AI chatbot 

intervention 

Academic scores 15.7% increase p < 0.05 

[38] Masti Yanto et al., 

2025 

AI personalization Learning outcomes 15% increase Significant 
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Study Context Performance 

Measured 

Result Significance 

[27] Yohana Loisa 

Buton et al., 2025 

GPT AI in 

mathematics 

Average scores 65 → 91.25 (40.38% 

increase) 

Significant 

[39] Faizal Amir et al., 

2024 

AI-assisted advance 

organizer 

Post-test scores Exp: 60.72, Ctrl: 45.65; 

N-Gain: 0.599 vs 0.036 

— 

[40] Muchtar et al., 

2025 

AI learning platform Academic grades 70 → 80 p < 0.05 

[41] Marsithah et al., 

2024 

AI-based learning Academic 

performance 

45% increase per 

usage increment; 

Regression = 0.45 

Significant 

[42] Muttaqin Kholis 

Ali et al., 2025 

AI-based media Conceptual 

understanding 

15–25% increase Significant 

A consistent body of evidence from recent studies demonstrates that AI-driven learning interven-

tions substantially improve students’ academic performance across diverse educational contexts. [25] 

reported a 23.5% increase in post-test scores through adaptive learning media, indicating that personal-

ized content presentation can meaningfully enhance mastery of learning materials. Similarly, [26] found 

that an AI chatbot intervention improved academic scores by 15.7%, with statistical significance (p < 

0.05), suggesting that interactive AI feedback strengthens understanding and knowledge retention. 

The positive impact of personalization is further supported by [38], who observed a 15% increase 

in learning outcomes through AI-based personalization, reinforcing the role of adaptive pathways in 

optimizing student learning. A more substantial improvement was reported by Loisa [27], whose im-

plementation of GPT-based AI in mathematics instruction led to an increase in average scores from 65 

to 91.25, representing a 40.38% improvement with significant results. This finding highlights the trans-

formative potential of AI-generated explanations and problem-solving assistance in complex subject 

areas. 

Experimental evidence further amplifies these trends. [39] demonstrated that AI-assisted advance 

organizers produced superior post-test performance in the experimental group (60.72) compared to the 

control group (45.65), supported by a large difference in N-Gain scores (0.599 vs 0.036). This indicates 

that structured AI-generated scaffolding can substantially enhance students’ conceptual acquisition. 

Additional enhancements in academic grades were reported by [40], where the use of an AI learn-

ing platform resulted in score improvements from 70 to 80 (p < 0.05). In alignment with these findings,  

[41] identified that AI-based learning increased academic performance by 45% per usage increment, 

corroborated by a regression coefficient of 0.45, reflecting a strong linear relationship between AI usage 

and academic achievement. 

Finally, [42] documented increases of 15–25% in conceptual understanding through AI-based me-

dia, confirming that AI tools effectively support higher-order comprehension and structured knowledge 

building. 

3.1.4.3. Motivation and Engagement Effects 

Table 7. Key factors/variables that are often reported 

Author & Year Variable / Focus Result / Key Finding 

[38] Yanto et al., 2025 Learning motivation 20% increase 

[40] Muchtar et al., 2025 Motivation with AI platforms 84% of students reported increased 

motivation 

[41] Iis Marsithah et al., 2024 Student engagement 68% increase in participation 

[43] Suryawijaya et al., 2025 Learning motivation 75% reported positive impact 

[44] Syamsidar Hs et al., 2024 Confidence in task completion 38% strongly agree, 34% agree 
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Findings from recent studies consistently demonstrate that AI-supported learning environments 

have a substantial positive impact on student motivation and engagement. [38] reported a 20% increase 

in learning motivation, showing that AI-based personalization can effectively stimulate students’ inter-

est and persistence in the learning process. This motivational enhancement is echoed in the work of [40], 

where 84% of students reported increased motivation when engaging with AI learning platforms, indi-

cating that inteactive AI features foster a more supportive and engaging learning atmosphere. 

The influence of AI tools extends beyond motivation to significantly improve student engagement.  

[41] documented a 68% increase in student participation, suggesting that AI-based learning environ-

ments successfully encourage active involvement and reduce passive learning behaviors. Such improve-

ments in engagement reflect the capacity of AI systems to provide timely feedback, adaptive challenges, 

and personalized learning pathways. 

Learners’ perceptions further reinforce these outcomes. [43] found that 75% of students reported a 

positive impact on their learning motivation, highlighting the widespread acceptance and psychological 

benefits of AI-enhanced instruction. In addition, [44] reported strong levels of confidence among stu-

dents during task completion, with 38% strongly agreeing and 34% agreeing that AI-supported ap-

proaches improved their confidence. This indicates that AI contributes not only to motivational gains 

but also to the development of learners’ self-belief and task readiness. 

3.1.5. Self-Regulation and Metacognitive Skill Development 

The integration of AI technologies has shown a considerable impact on the development of stu-

dents’ self-regulation, extending across cognitive, affective, and behavioral dimensions. Through auto-

matic feedback and personalized recommendations, AI has enhanced learners’ self-awareness regard-

ing their progress and performance [31]. This awareness encouraged students to reflect more deeply on 

their learning processes and outcomes, creating a foundation for improved self-regulatory behavior. 

In addition to awareness, the presence of AI-assisted environments strengthened students’ ability 

to set realistic goals and select effective learning strategies suited to their needs [19]. The technology 

provided continuous scaffolding that supported adaptive decision-making, allowing students to take 

greater ownership of their learning pathways. Real-time formative assessments embedded within AI 

systems further cultivated self-monitoring and self-assessment skills, ensuring that students could iden-

tify gaps and make timely adjustments in their learning [45]. 

Several studies highlighted increased autonomy and independence as major outcomes of AI inte-

gration in learning [30]. The decreasing reliance on direct human guidance reflected a shift toward more 

self-directed learning behaviors, where students demonstrated confidence and initiative in managing 

their own progress. In music education, for example, the FERMATA AI system played a crucial role in 

developing personal awareness helping students understand their musical identity and structure pro-

fessional growth strategies more effectively [22]. 

Beyond the domain of self-regulation, AI integration also contributed substantially to metacogni-

tive skill development, particularly in fostering critical thinking. Among educational technology stu-

dents, AI-assisted systems accounted for 53.2% of observed improvements in critical thinking [36]. Sim-

ilarly, AI-based learning media exhibited large effect sizes (η² = 0.95) in enhancing critical thinking 

within civic education contexts [35]. These findings suggest that AI not only supports the regulation of 

one’s own learning but also promotes higher-order cognitive processes necessary for reflective and an-

alytical thinking. 

3.1.6. Digital Learning Environment Characteristics 

Table 8. Level of metacognitive support in the system 

Komponen Deskripsi Tingkat 
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Platform Type Web-based systems [19], LMS-

embedded [29], Mobile apps [21] 

High 

Learning Modality Blended learning [34], Fully online 

[46], Face-to-face with digital tools 

[23] 

Mixed 

Personalization Features Adaptive content delivery [25], 

Learning path customization [47], 

Preference mapping [45] 

High 

Real-time Feedback Automatic performance feedback 

[45], Grammar and style [23], 

Chatbot responses [26]. 

High 

Collaborative Features Teacher dashboard analytics [23], 

Discussion forums [29], Peer 

interaction platforms [47]. 

Moderate 

The digital learning system developed across various studies demonstrates the integration of sev-

eral key components that play a significant role in enhancing the effectiveness and flexibility of the 

learning process. Each component possesses distinct characteristics and varying levels of implementa-

tion, collectively reflecting the evolving direction of modern educational technology. 

In terms of the Platform Type, the implementation level is categorized as High, indicating that plat-

form design serves as the foundation of digital learning system development. Multiple forms of plat-

forms are utilized, including web-based systems [19], LMS-embedded platforms [29], and mobile appli-

cations [21]. This diversity provides flexible access for learners across devices and learning contexts, 

both formal and informal. Such flexibility reflects an intentional effort to expand learning accessibility 

while maintaining user convenience. 

The next component, Learning Modality, shows a Mixed level of implementation, reflecting the di-

versity of approaches in adopting educational technology. Previous research identifies several models 

frequently applied, such as blended learning, which combines online and face-to-face sessions [34], fully 

online learning conducted entirely through digital platforms [46], and face-to-face learning enhanced 

by digital tools [23]. This variety demonstrates that educational institutions continue to adapt their ped-

agogical strategies to learners’ needs and technological readiness. 

Following that, the Personalization Features component obtains a High level due to its major con-

tribution to enhancing individualized learning experiences. The systems developed are capable of tai-

loring content based on learners’ abilities and preferences through adaptive content delivery [45], 

providing flexibility in designing personalized learning pathways through learning path customiza-

tion [47], and recognizing learning styles and preferences via preference mapping [45]. Through these 

personalization mechanisms, learning becomes more relevant, efficient, and learner-centered, aligning 

with the principles of adaptive and individualized education. 

Equally important, Real-time Feedback also demonstrates a High level of implementation. This 

component plays a crucial role in ensuring that learners receive immediate and meaningful feedback 

throughout the learning process. Features such as automatic performance feedback [45], grammar and 

style correction [23], and chatbot-based interactions [26] illustrate the capability of technology to deliver 

fast and accurate learning support. By providing real-time responses, these systems help learners correct 

mistakes promptly and reinforce their understanding effectively. 

Meanwhile, Collaborative Features are categorized at a Moderate level, suggesting that digital col-

laboration is still under development but shows significant potential. Such features include teacher 

dashboard analytics for monitoring student progress [23], discussion forums as spaces for interaction 

and reflection [29], and peer interaction platforms that foster cooperative and community-based learn-

ing [47]. Although not as intensively adopted as other components, collaborative tools are becoming 

essential in reinforcing the social dimension of digital learning environments. 
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Overall, current digital learning systems demonstrate strong development in components with 

high implementation levels, such as flexible platforms, adaptive personalization features, and effective 

real-time feedback mechanisms. However, collaborative aspects still require further enhancement to 

support a more interactive and participatory learning environment. The balanced integration of these 

components forms the foundation for an effective, adaptive, and sustainable digital learning ecosystem. 

3.1.7. Implementation Challenges 

Table 9. Categories of findings and distribution of studies 

Category Description Studies Reporting 

Technical Infrastructure limitations, integration 

complexity, accuracy concerns 

[31] 

Pedagogical Teacher training needs, curriculum 

alignment, over-automation risks 

[48] 

Ethical Privacy concerns, plagiarism risks, 

transparency issues 

[47] 

Student-Related Dependency risks, reduced 

creativity, adaptation difficulties 

[44] 

Institutional Policy gaps, resource constraints, 

systemic barriers 

[49] 

Table-based synthesis of implementation barriers shows that challenges cluster into five main cat-

egories: technical, pedagogical, ethical, student-related, and institutional, each highlighted across mul-

tiple studies [13,32,3]. This categorization indicates that AI integration issues in education are not merely 

technological, but also embedded in teaching practices, learner characteristics, and systemic conditions 

[13,32]. Such a multi-dimensional pattern reinforces the need to view AI implementation as an ecosys-

tem-level change rather than a purely technical upgrade [47]. 

3.2. Discussion 

3.2.1. Technical and Infrastructure Challenges 

Technical challenges emerged as significant barriers to AI implementation across the reviewed 

studies. Infrastructure limitations, including limited internet access and inadequate technological facil-

ities, constrained the effective adoption of AI-supported learning systems in several contexts [31]. Inte-

gration complexity between AI tools and existing educational platforms, such as learning management 

systems or legacy institutional systems, posed ongoing technical and maintenance challenges for prac-

titioners and institutions [21]. In addition, accuracy and reliability concerns regarding AI-generated out-

puts required educators and students to implement verification processes, reducing the extent to which 

AI tools could be fully trusted and seamlessly integrated into high-stakes learning activities [43]. 

3.2.2. Pedagogical Challenges 

Beyond technical issues, pedagogical challenges played a central role in shaping the success of AI 

implementation. Teacher readiness consistently emerged as a critical factor, with educators requiring 

substantial training to plan, operate, and interpret AI-based and adaptive learning systems effectively 

[48]. Difficulties in aligning AI tools with existing curricula and learning objectives further complicated 

integration, as some applications were not designed with specific competency standards or assessment 

frameworks in mind [22]. Moreover, several studies raised concerns that excessive automation of learn-

ing activities might undermine intrinsic motivation and reduce opportunities for meaningful human 

interaction, thereby challenging the intended role of AI as a complement rather than a replacement for 

teacher-led instruction [47]. 
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3.2.3. Ethical Concerns 

Ethical considerations surrounding AI use in education encompassed multiple interrelated dimen-

sions. Privacy and data security issues related to the collection, storage, and analysis of student infor-

mation required careful governance to prevent misuse and ensure compliance with institutional and 

regulatory expectations [47]. Risks of plagiarism and academic integrity violations emerged when AI 

tools were used to generate or heavily assist in producing assignments, creating challenges for fair as-

sessment and authentic demonstration of learning [19]. In parallel, potential dependency on AI tools 

raised pedagogical concerns, as over-reliance on automated support was perceived as potentially di-

minishing students’ opportunities to exercise critical thinking and creativity in independently construct-

ing ideas [44]. 

3.2.4. Interpreting Heterogeneous Findings 

3.2.4.1. Explaining Variation in Effect Sizes 

The substantial variation in reported effect sizes across studies, ranging from modest coefficients 

(for example β = 0.267) to very large effects (such as η² = 0.95), can be attributed to contextual and meth-

odological differences rather than to fundamental disagreement about the educational efficacy of AI. 

This pattern indicates that how AI is implemented and in what setting it is used plays a critical role in 

determining the magnitude of its impact. 

3.2.4.2. Context and Population Distinctions 

Studies reporting the largest effects generally employed domain-specific AI implementations em-

bedded within structured pedagogical frameworks. For instance, the critical thinking intervention that 

achieved η² = 0.95 combined AI-based media with a quasi-experimental design in civic education [35], 

while the mathematics intervention showing a 40.38% improvement used GPT-based AI within a con-

trolled small-group setting [27]. In contrast, studies that examined more general AI use without system-

atic instructional integration reported comparatively modest effects, such as β = 0.333 for learning inde-

pendence [19]. Taken together, these findings suggest that AI effectiveness is highly contingent upon 

purposeful pedagogical design rather than mere technological adoption. 

3.2.4.3. Study Quality Hierarchy 

A clear hierarchy of study designs also helps explain differences in observed effect sizes. Among 

the quantitative studies, quasi-experimental designs with control groups consistently produced more 

robust evidence than correlational surveys. Experimental studies by [34], [39], and [35] demonstrated 

substantial and statistically significant improvements, whereas survey-based studies relying on self-

reported AI use typically yielded smaller effect sizes. This pattern implies that controlled, researcher-

designed AI interventions tend to generate stronger and more reliable effects than naturalistic usage 

patterns that are not tightly guided by pedagogical structures. 

3.2.4.4. Mechanistic Explanations 

Divergent findings regarding self-regulation can be further clarified by examining the mechanisms 

through which AI engages metacognitive processes. Studies that reported strong self-regulation out-

comes generally employed AI systems that provided structured scaffolding and reflective feedback to 

support learners’ monitoring and regulation of their own learning [22]. By contrast, studies that raised 

concerns about dependency often involved less structured AI use oriented toward task completion, 

where students could rely on AI to do the work rather than to support reflection and strategy use [50]. 

Thus, the key distinction is not whether AI affects self-regulation, but whether the implementation de-

sign supports or supplants metacognitive engagement. 
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3.2.4.5. Dose-Response Patterns 

The relationship between AI usage intensity and learning outcomes appears to be non-linear. In 

one study, students who used AI tools at least three times per week reported a 75% improvement in 

academic performance, while regression analysis indicated a 45% increase in academic performance for 

each increment in AI usage [41]. However, several studies simultaneously cautioned that excessive re-

liance on AI can reduce critical thinking capacity and may foster over-dependence [43]. These converg-

ing results point to the existence of an optimal usage threshold, beyond which additional AI engage-

ment may yield diminishing or even negative returns, particularly for metacognitive development. 

3.2.5. Contextual Applicability of Findings 

In higher education (n = 24 studies), AI integration consistently enhanced learning independence 

and academic performance when aligned with expectations of self-directed learning. The reported R² 

values of 0.792 for self-development [18] and 0.489 for self-efficacy [37] indicate substantial explanatory 

power in university contexts characterized by high learner autonomy. In secondary education (n = 13 

studies), the strongest effects were observed when AI was implemented within teacher-guided and scaf-

folded frameworks; for example, a 23.5% post-test improvement with adaptive learning media [45] and 

significant gains in critical thinking [35] were both achieved in carefully controlled pedagogical envi-

ronments. In primary education (n = 3 studies), the evidence base remains limited but promising, with 

AI literacy interventions showing substantial reductions in technical difficulties (from 46% to 16%) and 

marked increases in ethical awareness (from 43% to 87%) across iterative implementation cycles [51]. 

3.2.6. Reconciling Positive Effects and Implementation Concerns 

The apparent tension between consistently positive learning outcomes and substantial implemen-

tation challenges reflects a distinction between efficacy under controlled conditions and effectiveness in 

naturalistic deployment. Studies reporting strong effects typically involved researcher-led interventions 

implemented in settings with adequate infrastructure and explicit teacher support, enabling AI tools to 

be tightly aligned with instructional design and learning goals [34]. By contrast, many implementation 

challenges were documented in survey-based studies that examined broader institutional adoption, 

where variability in infrastructure, policy support, and teacher readiness was much greater [48]. 

This pattern suggests that the learning analytics capabilities of AI to enhance self-regulation and 

related outcomes are empirically well established, but their successful translation into everyday practice 

depends on a range of enabling conditions. In particular, infrastructure readiness remains a prerequisite 

for reliable deployment [31], while teacher digital literacy is essential for making informed pedagogical 

use of AI tools rather than treating them as purely technical add-ons [42]. At the same time, robust 

ethical frameworks are required to govern issues such as data use, transparency, and academic integrity 

in AI-supported learning environments [47]. The finding that 91.1% of the variance in learning inde-

pendence is not explained by AI use alone [19] further underscores that AI should be understood as one 

element within a broader ecosystem of motivational, environmental, and pedagogical factors, rather 

than as a standalone determinant of learning success. 

3.2.7. Future Implications 

The reviewed literature converges on several key recommendations for advancing AI-enabled 

learning analytics and self-regulation support in educational settings. These recommendations span 

policy, pedagogy, research, and scalability considerations, reflecting the need for a coordinated and 

multi-level approach to AI integration. 

3.2.8. Policy and Institutional Support 

Institutional policies that support AI integration need to be developed in parallel with investments 

in digital infrastructure to ensure that technological capabilities are matched by clear governance 
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frameworks [48]. Comprehensive teacher training programmes that address both technical competen-

cies and pedagogical integration strategies are essential so that educators can meaningfully embed AI 

tools into teaching and assessment practices rather than using them superficially [34]. In addition, clear 

ethical guidelines governing data privacy, algorithmic transparency, and academic integrity must ac-

company AI deployment to safeguard learners’ rights and maintain trust in AI-supported educational 

environments [47]. 

3.2.9. Pedagogical Design Principles 

From a pedagogical perspective, AI should be designed to augment rather than replace teacher–

student interaction, with systems that deliberately balance personalization with opportunities for social 

and collaborative learning [47], [49]. Implementation strategies are encouraged to prioritize metacogni-

tive scaffolding such as prompts for reflection, planning, and self-monitoring rather than mere task au-

tomation, thereby fostering student agency while reducing the risk of over-dependence on AI-generated 

solutions [23], [43]. 

3.2.10. Synthesis Aligned to Research Questions 

The systematic review findings directly address the three research questions outlined in the intro-

duction. RQ1 (mapping AI-driven learning analytics tools) reveals that predictive analytics dominate 

(44%, n=15 studies) for performance/adaptability prediction, followed by adaptive dashboards (32%, 

n=11) providing real-time behavioral recommendations, and generative AI assistants (24%, n=8) deliv-

ering NLP-based scaffolding prompts, with LMS integration as the strongest platform. 

RQ2 (synthesizing effects) demonstrates strong evidence from high-quality studies (n=21, ≥80% 

MMAT): consistent improvements in self-regulated learning (β=0.267-0.639), metacognitive develop-

ment (η²=0.95 critical thinking), academic performance (15-40% gains), and motivation (20-84% reported 

increases), with largest effects from quasi-experimental designs combining AI tools with structured ped-

agogy. 

RQ3 (mechanisms and challenges) identifies feedback loops and scaffolding as primary pathways 

linking AI tools to SRL phases (forethought→performance→reflection), moderated by teacher training, 

infrastructure readiness, and study quality, while implementation barriers cluster across technical (in-

frastructure), pedagogical (training gaps), and ethical dimensions (privacy/dependency) that explain 

heterogeneous findings across contexts. 

 
Figure 2. SRL Conceptual Framework 

Model integrates RQ1-3 showing AI-LA types → mechanisms → Zimmerman SRL phases → out-

comes (strong evidence n=21), moderated by teacher readiness/infrastructure, with identified risks. Ev-

idence strength: strong core pathways, medium moderators/risks. 
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3.2.11. Research Directions 

The literature also highlights several directions for advancing the empirical evidence base. Future 

studies are urged to employ larger and more diverse samples to improve the generalizability of findings 

across institutions, disciplines, and learner profiles [39]. Longitudinal research designs are needed to 

examine the long-term impacts of AI on cognitive, behavioural, and social-emotional development, 

moving beyond short-term post-test gains [52]. Furthermore, systematic investigation of mediator var-

iables such as motivation, engagement, and individual differences would deepen mechanistic under-

standing of how and for whom AI-supported interventions are most effective [27]. 

3.2.12. Scalability Considerations 

Finally, the reviewed studies point to important considerations for scaling AI initiatives beyond 

pilot contexts. Gradual curriculum integration accompanied by sustained stakeholder training covering 

teachers, students, and administrators emerges as a preferred strategy to support sustainable adoption 

[42]. Collaboration among governments, educational institutions, and technology companies is viewed 

as necessary to align policy, practice, and technological innovation in ways that are educationally mean-

ingful and context sensitive [32]. Financial support mechanisms that ensure equitable access to AI tools 

and infrastructure remain critical to prevent the widening of existing educational inequalities as AI 

adoption expands [38]. 

4. Conclusion 

This systematic literature review synthesizes evidence from 34 empirical studies and reviews ex-

amining how AI-driven learning analytics affect self-regulated learning (SRL), metacognitive develop-

ment, and academic achievement in primary, secondary, and higher education. Following the PRISMA 

2020 guidelines, studies were identified from Scopus, Web of Science, ERIC, and Google Scholar (2020-

2025) with the following inclusion criteria: AI-LA intervention, standardized SRL/metacognition 

measures, and pre-post/comparative empirical data. Findings indicate that predictive analytics (44%), 

adaptive dashboards (32%), and generative AI (24%) consistently support key SRL processes (monitor-

ing, strategy, goal setting) and enhance motivation, engagement, and academic performance (15-40% 

gain, β=0.267-0.639, η²=0.95) in high-quality studies (n=21, MMAT≥80%). However, significant imple-

mentation challenges include infrastructure constraints, teacher readiness, data privacy, and the risk of 

dependency that can weaken critical/metacognitive thinking. This review confirms that AI-driven 

learning analytics has strong potential to strengthen SRL if integrated within a structured pedagogical 

framework and supported by institutional policies that position AI as scaffolding for learning agency, 

not a substitute for human judgment. 
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