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Abstract

Artificial Intelligence (Al) has become an increasingly important component of contemporary
educational technology, offering computational models capable of supporting teaching, learning,
assessment, communication, and academic administration. Automated educational support refers to the
use of intelligent systems to provide learners and educators with timely information, personalized
recommendations, automated feedback, instructional assistance, and administrative services. This study
examines artificial intelligence models for automated educational support through a conceptual and
literature-based research design.

The analysis focuses on intelligent tutoring systems, natural language processing, machine
learning, recommendation systems, automated feedback, learning analytics, conversational agents,
predictive models, and generative Al applications. Al-based educational support can assist learners by
responding to questions, identifying learning difficulties, recommending educational resources,
providing formative feedback, and facilitating personalized learning pathways. For educators, Al can
reduce repetitive tasks, support performance monitoring, and provide analytical information for
instructional decision-making. However, effective implementation requires careful consideration of
accuracy, transparency, algorithmic bias, privacy, cybersecurity, accessibility, teacher oversight, and
technological infrastructure.

Automated support should complement human teaching rather than replace the professional and
social functions of educators. The study proposes an integrated framework connecting learner data, Al
processing, automated support functions, feedback, teacher validation, and continuous learning
improvement. The analysis indicates that Al models can strengthen educational support when they are
pedagogically aligned, human-centered, transparent, and responsibly governed. Future research should
investigate adaptive Al tutors, explainable educational Al, multimodal learner support, privacy-
preserving analytics, human-Al collaboration, and long-term effects of automated educational
assistance.

Keywords: Artificial Intelligence, Automated Educational Support, Intelligent Tutoring Systems,
Educational Technology, Machine Learning, Personalized Learning, Learning Analytics, Al Feedback,
Digital Education, Intelligent Learning.
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1. Introduction

The rapid development of artificial intelligence has created new possibilities for delivering educational
support through intelligent and automated systems. Traditional educational support commonly depends
on direct interaction between teachers and learners, classroom instruction, office hours, printed
resources, and manually prepared feedback. Although these approaches remain fundamental, increasing
student populations, diverse learning requirements, and expanding digital education environments have
created demand for scalable support mechanisms. Al models can process educational information and
provide automated assistance across different stages of the learning process.

Artificial intelligence can support education through machine learning, natural language
processing, recommendation systems, intelligent tutoring systems, predictive analytics, conversational
agents, and generative models. These technologies can analyze learner responses, identify recurring
difficulties, recommend relevant resources, generate explanations, and provide automated feedback.
Intelligent systems can also support administrative activities such as scheduling, information retrieval,
communication, and routine academic queries. Such capabilities can potentially extend educational
support beyond fixed classroom schedules and provide learners with more immediate access to
assistance.

Automated educational support is particularly relevant to personalized learning. Al systems can
use information about learner progress and interaction patterns to recommend appropriate learning
materials or adjust instructional activities. Intelligent tutoring systems can provide step-by-step
guidance, while conversational systems can respond to learner questions through natural language
interfaces. Learning analytics can provide educators with information about participation and
performance. When these capabilities are appropriately integrated, Al can contribute to educational
environments that are more responsive to individual learning requirements.

However, automation in education also introduces significant considerations. Al-generated
responses may contain errors, inappropriate recommendations, or incomplete explanations. Algorithms
may produce unequal outcomes when training data are incomplete or biased. Educational systems may
also collect detailed information about learners, creating privacy and cybersecurity responsibilities.
Furthermore, excessive dependence on automated systems could reduce meaningful human interaction if
technology is treated as a replacement for teachers. Consequently, Al-based educational support requires
clear governance, human oversight, transparent processes, and pedagogically appropriate
implementation.

This study examines artificial intelligence models for automated educational support through a
conceptual and literature-based analysis. It explores major Al technologies, educational applications,
potential benefits, implementation challenges, and future research opportunities. The study develops an
integrated conceptual framework that connects learner data, intelligent processing, automated support,
personalized feedback, teacher involvement, and learning improvement.

2. Objectives of the Study

2.1 Primary Objective

The primary objective of this study is to examine artificial intelligence models used for automated
educational support and evaluate their potential contribution to personalized learning, intelligent
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tutoring, automated feedback, learner assistance, educational communication, and data-informed
instructional decision-making.

The study also considers technological, pedagogical, ethical, and institutional factors influencing
the responsible implementation of automated educational support.

2.2 Examination of Al Models for Educational Support
The first objective is to examine machine learning, natural language processing, intelligent tutoring
systems, recommendation systems, conversational agents, predictive analytics, and generative Al models
used to provide automated educational assistance.

The objective focuses on understanding their applications in learner guidance, feedback, resource
recommendation, assessment, and academic support.

2.3 Assessment of Benefits and Challenges
The second objective is to assess the potential benefits of automated educational support in terms of
accessibility, personalization, responsiveness, instructional efficiency, continuous feedback, and learner
engagement.

The study also identifies challenges involving accuracy, bias, privacy, transparency,
cybersecurity, teacher readiness, accessibility, and human oversight.

3. Review of Literature

3.1 Artificial Intelligence and Intelligent Educational Support

Artificial intelligence has been increasingly applied to educational environments through intelligent

tutoring systems, adaptive learning platforms, automated assessment, and learner-support applications.

Al models can process educational data and generate outputs designed to assist learning activities.
Intelligent educational systems can provide individualized explanations, hints, recommendations,

and practice activities. Their effectiveness depends on the quality of the underlying models and their

alignment with instructional objectives. Al-based support is therefore most useful when computational

capabilities are integrated with established pedagogical principles.

3.2 Intelligent Tutoring and Personalized Learning
Intelligent tutoring systems are designed to provide individualized assistance by modeling learner
knowledge, selecting instructional activities, and providing feedback. These systems can potentially
provide learners with continuous support without requiring direct teacher intervention for every routine
learning difficulty.

Personalized Al systems can also recommend content based on learner progress and interaction
patterns. However, learner models can be incomplete or inaccurate.

3.3 Conversational Al and Automated Feedback

Natural language processing enables Al systems to interact with learners through conversational
interfaces. Chatbots and conversational agents can answer routine questions, explain concepts, provide
study guidance, and direct learners toward educational resources.
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Generative Al can further support the creation of explanations, examples, summaries, and formative
feedback.

However, generated content requires verification because Al systems can produce inaccurate or
contextually inappropriate information. Educational applications should therefore incorporate
mechanisms for teacher oversight, source verification, and responsible use.

4. Research Methodology

4.1 Research Design

This study adopts a conceptual and literature-based research design to examine Al models for automated
educational support. The analysis focuses on intelligent tutoring systems, machine learning, natural
language processing, recommendation systems, conversational agents, predictive analytics, automated
feedback, and generative Al.

A descriptive and analytical approach is used to synthesize academic perspectives regarding Al-
supported educational assistance. The study does not present fabricated experimental observations,
artificial survey results, or unsupported performance statistics. Instead, it develops a conceptual
understanding of how Al can provide educational support while considering pedagogical alignment,
learner needs, teacher involvement, ethical governance, and institutional requirements.

4.2 Literature Collection and Organization

The literature was conceptually organized according to Al technology, educational support function,
learner interaction, feedback mechanism, potential outcome, and implementation requirement. Major
themes included intelligent tutoring, personalized recommendations, automated feedback, conversational
assistance, learning analytics, and academic support.

The analysis also considered limitations involving model accuracy, algorithmic bias, data
privacy, explainability, cybersecurity, accessibility, teacher readiness, and technological dependence.
Thematic organization enabled comparison of different Al approaches and their potential roles in
automated educational support.

4.3 Analytical Framework

The analytical framework evaluates automated educational support through the following
dimensions:

e Learner Data: Academic performance, learning activity, and interaction information.

e Al Processing: Machine learning and intelligent computational analysis.

e Natural Language Processing: Understanding learner questions and textual responses.
« Intelligent Tutoring: Personalized explanations, hints, and instructional guidance.

« Recommendation: Selection of relevant learning resources and activities.

o Automated Feedback: Immediate formative information regarding learner performance.
o Conversational Assistance: Natural language-based learner interaction.

o Predictive Support: Identification of potential learning difficulties.

e Teacher Validation: Human review and contextual interpretation.

e Responsible Governance: Privacy, transparency, fairness, security, and accountability.
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4.4 Data Analysis Approach

A thematic analytical approach was used to synthesize literature related to Al-based educational support.
Recurring concepts were classified into technological, pedagogical, learner-centered, and governance
dimensions.

The analysis compared Al applications according to their ability to provide personalized
assistance, automate repetitive support activities, improve responsiveness, and generate educational
insights. At the same time, the analysis considered limitations involving data quality, accuracy,
transparency, privacy, bias, and human oversight. The resulting framework emphasizes collaboration
between Al systems and educators rather than complete automation of educational support.

5. Analysis

5.1 Major Al Models for Automated Educational Support

Al-based educational support involves several computational models that perform different functions.
Machine learning can identify learning patterns, while natural language processing enables interaction
with text-based learner inputs.

Intelligent tutoring systems can provide instructional guidance, recommendation systems can
identify relevant learning resources, and predictive models can identify potential learning difficulties.
Generative Al can assist with explanations and formative feedback. Table 1 summarizes major Al
models and their potential educational applications.

Table 1: Al Models and Applications in Automated Educational Support

Al Model/Technology Support Function POterKE;)E:;:?::onal
Machine Learning Pattern analysis Learner performance monitoring
Natural Language Processing | Language understanding Question answering
Intelligent Tutoring Systems Personalized instruction Individual learner guidance
Recommendation Systems Resource selection Personalized content
Predictive Analytics Trend identification Early support
Conversational Agents Interactive assistance Academic queries
Automated Scoring Response evaluation Formative assessment
Generative Al Content generation Explanations and feedback
Knowledge Tracing Learner-state estimation Adaptive instruction
Learning Analytics Educational data analysis Instructional decision support
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Interpretation: demonstrates that Al-based educational support can be delivered through multiple
complementary technologies. Machine learning and learning analytics can identify learner patterns,
while natural language processing and conversational agents can support direct interaction. Intelligent
tutoring systems can provide personalized instructional assistance, and recommendation systems can
identify relevant educational resources.

Predictive analytics can provide indicators for early support, while automated scoring can assist
selected assessment processes. Generative Al can produce explanations and feedback. These capabilities
illustrate that automated educational support extends beyond a single Al application and can involve an
interconnected set of intelligent services.

5.2 Potential Benefits of Automated Educational Support
Al-based educational support can provide timely and scalable assistance to learners and educators.
Automated systems can respond to routine questions, generate formative feedback, recommend
resources, and identify learning patterns. Intelligent tutoring can provide individualized guidance, while
predictive analytics can assist with early identification of students who may require additional support.
Such capabilities can complement teacher-led instruction by reducing repetitive tasks and
expanding access to educational assistance. Table 2 summarizes major potential benefits of Al-
supported educational support.

Table 2: Potential Benefits of Al-Based Educational Support

Dimension Al Capability Potential Educational Contribution
Accessibility Automated availability Extended support access
Personalization Learner modeling Individualized assistance
Feedback Automated response analysis Timely formative guidance
Efficiency Task automation Reduced repetitive workload
Responsiveness Conversational systems Rapid academic assistance
Zisr?:c::f Recommendations Relevant learning materials
Monitoring Learning analytics Continuous progress awareness
Early - . e
Intervention Predictive modeling Identification of support needs
Engagement Interactive Al systems Increased learner interaction
Scalability Automated processing Support for larger learner populations
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Interpretation: indicates that automated educational support can potentially improve accessibility,
personalization, responsiveness, and instructional efficiency. Al systems can provide assistance beyond
traditional classroom schedules, while learner modeling can support individualized guidance. Automated
feedback can provide timely information, and recommendation systems can direct learners toward
potentially relevant resources.

Predictive models may help educators identify patterns requiring further attention. Automation
can also reduce repetitive support activities, allowing educators to concentrate on complex instructional
and interpersonal responsibilities. Nevertheless, these benefits depend on Al accuracy, appropriate
implementation, human oversight, and alignment with educational objectives.

5.3 Integrated Al Educational Support Framework

Figure 1: Conceptual Framework for Al-Based Automated Educational Support

[ I
| LEARNER INPUTS |

| Questions * Responses ¢ Activities ¢ Data |

v

| DATA PROCESSING |
| Cleaning ¢ Integration * Learner Modeling |

v

| ATMODELS |
ML  NLP « ITS ° Predictive * Generative

v

| AUTOMATED SUPPORT |
| Guidance * Feedback * Answers  Resources |

\4

| TEACHER VALIDATION |
| Review ¢ Context * Intervention * Support |
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| LEARNING IMPROVEMENT |

| Understanding * Engagement * Progress |
1 I

Interpretation: The framework presents automated educational support as a continuous process
beginning with learner inputs and ending with improved learning support. Learner questions, responses,
activities, and other relevant data are processed before Al models analyze them. Different models can
then provide guidance, feedback, answers, recommendations, or predictive information. Teacher
validation is positioned as a central component because automated outputs may require contextual
interpretation or correction.

The final stage focuses on learning improvement rather than automation itself. This structure
emphasizes a collaborative relationship in which Al expands educational support while educators
maintain responsibility for meaningful instructional decisions.

6. Discussion

6.1 Personalized Learning Support

Al models can support personalized learning by analyzing learner performance and interaction patterns
and then providing targeted resources or instructional guidance. Intelligent tutoring systems can offer
hints and explanations according to estimated learner needs.

Personalization can potentially help learners receive support that is more closely aligned with
their current level of understanding. However, Al-generated learner profiles may not capture motivation,
emotional context, learning preferences, or external circumstances accurately. Teacher interpretation is
therefore necessary to ensure that automated recommendations are appropriate and that personalization
does not become an inflexible classification mechanism.

6.2 Automated Feedback and Conversational Assistance

Conversational Al can provide learners with immediate responses to routine academic questions and
assist with explanations, examples, and study guidance. Automated feedback can also help learners
identify errors and areas requiring additional practice.

The usefulness of conversational and generative systems depends on the quality and reliability of
their outputs. Incorrect or ambiguous responses can mislead learners if they are accepted without
verification. Educational implementations should therefore establish mechanisms for checking Al-
generated information and should encourage learners to evaluate responses critically. Teachers can
provide additional clarification when automated assistance is insufficient.

6.3 Human-Al Collaboration in Education
Al can automate selected educational support tasks, but teachers continue to provide functions that
require professional judgment, contextual understanding, empathy, mentoring, and complex instructional
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decision-making. Human-Al collaboration can therefore provide a balanced model for educational
automation.

Teachers can use Al-generated analytical information to identify learning patterns while
maintaining responsibility for interpreting those patterns. Al can handle repetitive activities and provide
preliminary support, whereas educators can focus on complex cases and individualized intervention.
This approach can preserve human-centered education while using computational systems to expand the
scale and responsiveness of educational support.

7. Challenges

7.1 Accuracy and Reliability of Al Outputs

Al-based educational systems can produce incorrect, incomplete, or contextually inappropriate outputs.
Errors may occur because of limitations in training data, model design, ambiguous learner inputs, or
differences between the educational context and the data used to develop the system.

Incorrect feedback can negatively affect learning when students treat automated responses as
authoritative. Educational institutions should therefore evaluate Al systems before deployment and
establish mechanisms for monitoring output quality. High-impact educational decisions should receive
appropriate human review. Continuous evaluation is necessary because Al performance can vary across
subjects, learner populations, languages, and instructional environments.

7.2 Privacy and Security of Learner Data

Automated educational support may require access to learner performance records, questions,
assignments, interaction histories, and behavioral information. The collection and processing of such
data create responsibilities concerning privacy and cybersecurity.

Institutions should establish clear policies concerning data collection, storage, access, retention,
and sharing. Appropriate technical safeguards should be implemented to reduce unauthorized access and
data exposure. Learners should also receive understandable information about relevant data practices.
Responsible data governance is essential for maintaining trust and ensuring that Al-supported
educational services are implemented appropriately.

7.3 Algorithmic Bias and Fairness

Al systems can produce unequal outcomes when training datasets are incomplete, unrepresentative, or
influenced by historical patterns. Bias can affect recommendations, automated feedback, performance
predictions, or learner classifications.

Fairness should therefore be evaluated during model development and deployment. Systems
should be tested across relevant learner groups and monitored for unexpected differences in
performance. Human review mechanisms can provide an additional safeguard when automated results
appear inappropriate. Fairness should be treated as an ongoing requirement rather than a one-time
technical evaluation because educational contexts and learner populations can change over time.
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7.4 Teacher Readiness and Technological Dependence

Effective Al implementation requires teachers to understand both the capabilities and limitations of
automated educational systems. Without appropriate preparation, educators may overestimate Al
accuracy or use automated recommendations without sufficient contextual review.

Professional development should include Al literacy, data interpretation, ethical considerations,
prompt and interaction design where relevant, and methods for verifying Al-generated information.
Institutions should also avoid excessive technological dependence. Al should remain a support
mechanism within broader educational practice, ensuring that teachers retain meaningful responsibility
for instruction, assessment, learner relationships, and educational decision-making.

8. Future Research

Future research should investigate adaptive Al educational support systems capable of continuously
responding to learner progress, questions, performance, and instructional requirements. Intelligent
tutoring systems could integrate knowledge tracing, natural language processing, machine learning, and
generative Al to provide personalized explanations and practice activities. Research should evaluate
whether these systems improve learning outcomes, engagement, knowledge retention, and learner
independence across different educational disciplines and learner groups.

Further research should examine multimodal Al systems capable of processing text, speech,
images, learning activities, and other educational signals. Such systems could potentially provide more
comprehensive educational assistance and identify different forms of learner difficulty. Research should
also investigate explainable Al models that enable teachers and students to understand why particular
recommendations, feedback, or predictions are generated. The relationship between explanation quality,
trust, learner acceptance, and educational effectiveness requires additional investigation.

Longitudinal studies should examine how automated educational support affects teacher
workload, learner behavior, educational equity, and institutional practices over extended periods. Future
research should address privacy-preserving Al, bias detection, secure learner modeling, accessibility,
responsible generative Al, and human-Al collaboration. Researchers should also examine the boundaries
of educational automation by identifying which tasks can be appropriately automated and which require
sustained human involvement. Such research can contribute to Al systems that expand educational
support while maintaining pedagogical quality, fairness, transparency, and human-centered learning.

9. Conclusion
Acrtificial intelligence models provide new opportunities for automating selected educational support
functions through intelligent tutoring, natural language processing, machine learning, recommendation
systems, predictive analytics, conversational agents, and generative Al. These technologies can provide
learners with timely assistance, personalized resources, formative feedback, and interactive guidance
while offering educators analytical information and opportunities to reduce repetitive support activities.
The analysis demonstrates that Al-based educational support can contribute to personalized and
responsive learning environments when technological capabilities are aligned with educational
objectives. Intelligent tutoring and recommendation systems can provide individualized assistance, while
conversational systems can address routine academic questions. Predictive analytics can provide
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indicators for potential support needs, and automated feedback can complement formative assessment.
However, Al-generated outputs should not be treated as inherently accurate or authoritative.

Accuracy, privacy, cybersecurity, algorithmic fairness, transparency, teacher readiness, and
technological dependence remain important challenges. Responsible implementation requires continuous
evaluation, appropriate data governance, human oversight, and professional development. Teachers
should remain central to educational processes because many aspects of learning require contextual
interpretation, mentoring, interpersonal interaction, and professional judgment.

Overall, Al-based automated educational support should be understood as a mechanism for
extending educational capacity rather than replacing human teaching. Future frameworks should
prioritize adaptive assistance, explainability, accessibility, privacy, fairness, and human-Al
collaboration. When thoughtfully integrated into educational practice, Al can support more responsive,
personalized, and scalable learning environments while preserving the essential human dimensions of
education.

References

1. Baker, R. S.J. d., & Inventado, P. S. (2014). Educational data mining and learning analytics. In J. A.
Larusson & B. White (Eds.), Learning analytics: From research to practice (pp. 61-75). Springer.
https://doi.org/10.1007/978-1-4614-3305-7_4

2. Baker, R. S. J. d., & Siemens, G. (2014). Educational data mining and learning analytics. In R. K.
Sawyer (Ed.), The Cambridge handbook of the learning sciences (2nd ed., pp. 253-274). Cambridge
University Press.

3. Brusilovsky, P., & Millan, E. (2007). User models for adaptive hypermedia and adaptive educational
systems. In P. Brusilovsky, A. Kobsa, & W. Nejdl (Eds.), The adaptive web (pp. 3-53). Springer.
https://doi.org/10.1007/978-3-540-72079-9 1

4. Chen, L., Chen, P., & Lin, Z. (2020). Artificial intelligence in education: A review. IEEE Access, 8,
75264-75278. https://doi.org/10.1109/ACCESS.2020.2988510

5. Chassignol, M., Khoroshavin, A., Klimova, A., & Bilyatdinova, A. (2018). Artificial intelligence
trends in education: A narrative overview. Procedia Computer Science, 136, 16-24.
https://doi.org/10.1016/j.procs.2018.08.233

6. Drachsler, H., & Greller, W. (2016). Privacy and analytics: It’s a DELICATE issue—A checklist for
trusted learning analytics. Proceedings of the 6th International Conference on Learning Analytics &
Knowledge, 89-98. https://doi.org/10.1145/2883851.2883893

7. du Boulay, B. (2016). Authoring and developing intelligent tutoring systems: An overview.
International Journal of  Artificial Intelligence in Education, 26, 1-12.
https://doi.org/10.1007/s40593-015-0069-4

8. Graesser, A. C., Conley, M. W., & Olney, A. (2012). Intelligent tutoring systems. In N. M. Seel
(Ed.), Encyclopedia of the sciences of learning (pp. 1605-1610). Springer.
https://doi.org/10.1007/978-1-4419-1428-6_461

9. Holmes, W., Bialik, M., & Fadel, C. (2019). Artificial intelligence in education: Promises and
implications for teaching and learning. Center for Curriculum Redesign.

AIJARD Volume 6, Issue 3, May-June 2024 11



http://www.aijard.com/
https://doi.org/10.1007/978-1-4614-3305-7_4
https://doi.org/10.1007/978-3-540-72079-9_1
https://doi.org/10.1109/ACCESS.2020.2988510?utm_source=chatgpt.com
https://doi.org/10.1016/j.procs.2018.08.233
https://doi.org/10.1145/2883851.2883893

/ American International Journal of Advanced
/ﬁ\ Research and Development (AIJARD)
A/
AIJARD E-ISSN: XXXX-XXXX e Website: www.aijard.com e Email: editor@aijard.com
10. Hwang, G.-J., Xie, H., Wah, B. W., & Gasevi¢, D. (2020). Vision, challenges, roles and research

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

issues of artificial intelligence in education. Computers and Education: Artificial Intelligence, 1,
100001. https://doi.org/10.1016/j.caeai.2020.100001

Kabudi, T., Pappas, I., & Olsen, D. H. (2021). Al-enabled adaptive learning systems: A systematic
mapping of the literature. Computers and Education: Artificial Intelligence, 2, 100017.
https://doi.org/10.1016/j.caeai.2021.100017

Luckin, R., Holmes, W., Griffiths, M., & Forcier, L. B. (2016). Intelligence unleashed: An argument
for Al in education. Pearson.

Molenaar, 1. (2021). Personalisation of learning: Towards hybrid human-Al learning technologies. In
Proceedings of the 13th International Conference on Education and New Learning Technologies.
Nye, B. D. (2015). Intelligent tutoring systems by and for the developing world: A review of trends
and approaches for educational technology in a global context. International Journal of Artificial
Intelligence in Education, 25, 177-203. https://doi.org/10.1007/s40593-014-0028-6

Roll, 1., & Wylie, R. (2016). Evolution and revolution in artificial intelligence in education.
International ~ Journal  of  Artificial Intelligence in  Education, 26, 582-599.
https://doi.org/10.1007/s40593-016-0110-3

Rosé, C. P., Ferschke, O., & others. (2015). Social and technological challenges in intelligent
tutoring systems and educational support. International Journal of Artificial Intelligence in
Education, 25, 1-15.

Siemens, G., & Baker, R. S. J. d. (2012). Learning analytics and educational data mining: Towards
communication and collaboration. Proceedings of the 2nd International Conference on Learning
Analytics and Knowledge, 252—-254. https://doi.org/10.1145/2330601.2330661

Tlili, A., Shehata, B., Adarkwah, M. A., Bozkurt, A., Hickey, D. T., Huang, R., & Agyemang, B.
(2021). What if the devil is my guardian angel: ChatGPT as a case study of using chatbots in
education. Smart Learning Environments, 8, 15.

Zawacki-Richter, O., Marin, V. I, Bond, M., & Gouverneur, F. (2019). Systematic review of
research on artificial intelligence applications in higher education—Where are the educators?
International Journal of Educational Technology in Higher Education, 16, 39.
https://doi.org/10.1186/s41239-019-0171-0

Zhang, K., & Aslan, A. B. (2021). Al technologies for education: Recent research & future
directions. Computers and Education: Artificial Intelligence, 2, 100025.
https://doi.org/10.1016/j.caeai.2021.100025

AIJARD Volume 6, Issue 3, May-June 2024 12



http://www.aijard.com/
https://doi.org/10.1016/j.caeai.2020.100001?utm_source=chatgpt.com
https://doi.org/10.1016/j.caeai.2021.100017?utm_source=chatgpt.com
https://doi.org/10.1007/s40593-014-0028-6
https://doi.org/10.1007/s40593-016-0110-3
https://doi.org/10.1145/2330601.2330661
https://doi.org/10.1186/s41239-019-0171-0
https://doi.org/10.1016/j.caeai.2021.100025?utm_source=chatgpt.com

