eLibrary

Education and Social Work

ISSN Print: 3079-515X

ISSN Online: 3079-5168
https://doi.org/10.63313/ESW.2011

Al-driven: An Exploration of the Pathways to
Reshape the Ecosystem of Quality Education

Bei Qiu

DBA, Business School Netherlands, PO Box 709 4116 Z] Buren, Netherlands

Email: reneqiu@foxmail.com

How to cite this paper: Qiu, B. (2026).
Al-driven: An Exploration of the Pathways
to Reshape the Ecosystem of Quality
Education. Education and Social Work,
3(2), 48 - 59. ISSN Print: 3079-515X; ISSN
Online: 3079-5168.
https://doi.org/10.63313/ESW.2011
Published: 2026-02-06

Copyright © 2026 by author(s) and
Erytis Publishing Limited.

This work is licensed under the Creative
Commons Attribution International
License (CC BY 4.0).
http://creativecommons.org/licenses/b
4.0/

@@®CCBY 4.0

Abstract

This study investigates the transformative potential of Artificial Intelligence (AI)
in reshaping the quality education ecosystem, focusing on key pathways and
associated challenges. It addresses the current limitations in personalization,
accessibility, and scalability within traditional educational methods, arguing that
Al offers innovative solutions through personalized learning experiences,
intelligent tutoring systems, and automated administrative tasks. The research
explores the ethical considerations, data privacy concerns, and the digital divide
that must be addressed for equitable and responsible Al implementation. The
study employs a comprehensive analysis of existing literature and theoretical
frameworks to identify specific pathways for Al to enhance education quality. It
examines the benefits and challenges of integrating Al into various educational
facets, proposes strategies for mitigating biases in Al algorithms, and develops a
framework for responsible Al implementation, emphasizing data privacy and
equity. The expected outcomes include a detailed analysis of Al's impact on
teacher roles, pedagogical practices, and student learning outcomes. Furthermore,
it offers recommendations for teacher training and strategies for bridging the
digital divide. This research contributes to the understanding of how Al can
revolutionize education while ensuring fairness, inclusivity, and ethical
considerations are prioritized.
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1. Introduction: Al's Transformative Potential in Education

1.1. Background and Motivation

The landscape of education is undergoing rapid transformation, driven by
technological advancements and evolving societal needs. Traditional educational
models often struggle to cater to the diverse learning styles and individual needs of

students, leading to disparities in learning outcomes and engagement (Hattie, 2008).
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Furthermore, educators face increasing demands on their time and resources,
making it challenging to provide personalized attention to each student
(Darling-Hammond, 2010).

Artificial intelligence (AI) presents a promising avenue for addressing these
challenges and revolutionizing the educational experience. Al-powered tools and
platforms have the potential to personalize learning pathways, automate
administrative tasks, and provide students with tailored feedback and support
(Holmes et al., 2019). By leveraging Al, educators can create more engaging,
effective, and equitable learning environments that empower students to reach their
full potential and address the scalability limitations of traditional methods (Popenici
& Kerr, 2017).

1.2. Research Question and Objectives

This paper seeks to address the overarching research question: How can Artificial
Intelligence (AI) be responsibly and effectively integrated into the educational
ecosystem to enhance personalized learning, improve accessibility, and support
educators, while mitigating potential ethical concerns and addressing the digital
divide? To answer this, the study outlines several key objectives.

Firstly, the research aims to explore the potential of Al-driven personalized learning
systems, such as adaptive learning platforms and intelligent tutoring systems, in
tailoring education to individual student needs (Hwang et al., 2020). Secondly, it
investigates the role of Al in automating assessment processes, enhancing
accessibility for diverse learners, and providing support for teachers in their
evolving roles (Holmes et al, 2021). The scope includes an analysis of Al
applications in K-12 and higher education settings.

Finally, this paper identifies and analyzes the ethical considerations, data privacy
concerns, and challenges related to the digital divide that may arise from the
widespread adoption of Al in education (Popenici & Kerr, 2017). The limitations of
this study include a focus on English-language research and a rapidly evolving

technological landscape, which may require continuous updates and revisions.

2. Al Reshaping the Educational Ecosystem: Pathways and
Challenges

2.1. Personalized Learning and Intelligent Tutoring Systems

2.1.1. Adaptive Learning Platforms: Tailoring Education to Individual Needs

Adaptive learning platforms (ALPs) represent a significant advancement in
personalized education, leveraging algorithms to tailor learning experiences to
individual student needs and preferences (Hwang et al, 2020). These platforms
continuously assess a student's knowledge and skills, adjusting the difficulty and

content of learning materials in real-time to optimize learning outcomes
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(Brusilovsky & Peylo, 2003). Functionalities often include diagnostic assessments,
personalized learning paths, immediate feedback, and progress tracking, all
designed to cater to diverse learning styles and paces. The core benefit lies in
providing a customized educational journey, ensuring students are neither
overwhelmed by overly challenging material nor bored by content they have
already mastered (Pane et al., 2015).

Successful implementations of ALPs have been documented across various
educational settings. For instance, in mathematics education, platforms like ALEKS
have demonstrated improved student performance and retention rates by
identifying knowledge gaps and providing targeted practice (Falmagne et al.,, 2013).
Similarly, in language learning, ALPs offer personalized vocabulary and grammar
exercises based on individual proficiency levels. However, the effectiveness of ALPs
hinges on several factors. High-quality content, robust algorithms, and effective
integration into the curriculum are crucial (Means et al, 2009). Furthermore,
potential limitations include the reliance on data, which may raise privacy concerns,
and the potential for algorithmic bias, which could disadvantage certain student
groups. The digital divide also presents a challenge, as equitable access to
technology and internet connectivity is essential for all students to benefit from
ALPs.

Despite these limitations, ALPs hold immense promise for transforming education.
By providing personalized learning experiences, they can enhance student
engagement, improve learning outcomes, and promote a more equitable and
effective educational system. Continued research and development are needed to
address the ethical and practical challenges associated with ALPs and to ensure

their responsible and effective implementation in education (Holmes et al., 2019).

2.1.2. Intelligent Tutoring Systems: Providing Personalized Feedback and
Support

Following the exploration of adaptive learning platforms, this section delves into
Intelligent Tutoring Systems (ITS), which represent another pivotal application of Al
in personalized education. ITS offer individualized feedback and support to students,
adapting to their learning pace and style through sophisticated algorithms
(Anderson et al, 1985). Unlike traditional teaching methods, ITS can identify
specific areas where a student struggles and provide targeted interventions, thereby
enhancing learning outcomes (VanLehn, 2006). The effectiveness of ITS lies in their
ability to continuously assess student performance and adjust the difficulty level of
the material accordingly, fostering a more engaging and effective learning
experience (Bloom, 1984).

Several studies have demonstrated the positive impact of ITS on student learning
across various subjects, including mathematics, science, and language acquisition
(Koedinger et al., 1997; Ritter et al.,, 2007). For instance, Cognitive Tutor, an ITS for
mathematics, has been shown to significantly improve students' problem-solving
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skills and overall academic performance (Anderson et al., 1995). Furthermore, ITS
can provide immediate feedback, which is crucial for reinforcing correct answers
and correcting misconceptions (Shute, 2008). This personalized and adaptive
approach not only enhances learning outcomes but also promotes student
motivation and engagement.

However, the development and implementation of ITS also present challenges.
Creating effective ITS requires significant expertise in both pedagogy and artificial
intelligence (Woolf, 2009). Moreover, ensuring that ITS are accessible and equitable
for all students, regardless of their background or learning style, is essential. Despite
these challenges, the potential of ITS to transform education by providing
personalized feedback and support is immense, warranting further research and
development in this area.

2.2. Automating Assessment, Enhancing Accessibility, and Supporting
Teachers

2.2.1. AlI-Powered Assessment and Grading: Efficiency and Objectivity

The integration of artificial intelligence (Al) into educational assessment promises
significant advancements in efficiency and objectivity. Traditional assessment
methods are often time-consuming and susceptible to subjective biases (Sadler,
1989). Al-powered tools can automate grading processes, providing rapid feedback
to students and freeing up educators' time for more personalized instruction
(Holmes et al, 2022). These systems leverage machine learning algorithms to
evaluate student work against predefined rubrics, ensuring consistency and
reducing the potential for human error (Higgins et al., 2001).

However, the implementation of Al in assessment is not without its challenges.
Concerns regarding bias in algorithms are paramount, as Al models are trained on
data that may reflect existing societal inequalities (O'Neil, 2016). If the training data
is biased, the Al system may perpetuate and even amplify these biases in its
evaluations, leading to unfair outcomes for certain student groups. Therefore,
careful attention must be paid to the design and validation of Al assessment tools to
ensure fairness and equity (Popenici & Kerr, 2017).

Addressing these challenges requires a multi-faceted approach. Transparency in the
algorithms wused, coupled with rigorous testing for bias across different
demographic groups, is crucial (Angwin et al.,, 2016). Furthermore, human oversight
remains essential to interpret Al-generated assessments and provide nuanced
feedback that considers the individual student's context. By carefully considering
both the benefits and limitations of Al, educators can harness its power to create

more efficient, objective, and equitable assessment practices (Williamson, 2019).

2.2.2. Accessibility and Inclusion: Al for Diverse Learners

In parallel with advancements in Al-driven assessment, the potential of artificial

DOI: 10.63313/ESW.2011

51 Education and Social Work



Bei Qiu

intelligence to foster accessibility and inclusion for diverse learners is gaining
significant traction (Higgins et al., 2020). Al-powered tools can be instrumental in
addressing the unique needs of students with disabilities and varying learning styles,
thereby promoting equitable access to education. These tools range from real-time
speech-to-text transcription services that aid students with hearing impairments to
Al-driven platforms that adapt content presentation based on individual learning
preferences (Rose & Meyer, 2002). Furthermore, Al can facilitate the creation of
personalized learning paths that cater to different cognitive abilities and learning
speeds, ensuring that every student has the opportunity to succeed (Holmes et al.,
2022).

One particularly promising application lies in the development of Al-enabled
assistive technologies. For instance, Al algorithms can analyze a student's writing
and provide targeted feedback on grammar, style, and clarity, which is especially
beneficial for students with learning disabilities such as dyslexia (Elliott &
Grigorenko, 2014). Moreover, Al can be used to create accessible educational
materials, such as converting text into audio format or generating alternative text
descriptions for images, thereby making content more accessible to students with
visual impairments (Vanderheiden, 2000). The key is to design these Al systems
with universal design principles in mind, ensuring that they are flexible, adaptable,
and inclusive from the outset.

However, the implementation of Al for diverse learners is not without its challenges.
It is crucial to address potential biases in Al algorithms that could inadvertently
discriminate against certain groups of students (O'Neil, 2016). Additionally,
educators need to be trained on how to effectively use these tools and integrate
them into their teaching practices. Furthermore, ensuring data privacy and security
is paramount, as Al systems often collect and analyze sensitive student data (Slavin,
2020). By carefully addressing these challenges, Al can be a powerful force for
promoting accessibility and inclusion in education, creating a more equitable and

supportive learning environment for all students.
2.3. Ethical Considerations, Data Privacy, and the Digital Divide

2.3.1. Addressing Bias and Ensuring Ethical Use of Al

A critical examination of Al's integration into education necessitates a thorough
analysis of potential biases embedded within Al algorithms and a proactive
approach to ensuring ethical deployment (O'Neil, 2016). Algorithmic bias, stemming
from biased training data or flawed algorithm design, can perpetuate and even
amplify existing societal inequalities, leading to unfair or discriminatory outcomes
for students from marginalized groups (Noble, 2018). For instance, Al-driven
assessment tools trained on datasets that underrepresent certain demographics
may inaccurately evaluate the performance of students from those groups,

hindering their academic progress and future opportunities. Therefore, it is
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imperative to implement rigorous bias detection and mitigation strategies
throughout the Al development lifecycle.

Strategies for ensuring the ethical use of Al in education must encompass several
key areas. Firstly, promoting transparency and explainability in Al algorithms is
crucial. Understanding how Al systems arrive at their decisions allows educators
and policymakers to identify and address potential biases (Goodman & Flaxman,
2017). Secondly, diversifying the teams involved in developing and deploying Al
systems can help to mitigate bias by incorporating a wider range of perspectives
and experiences. Thirdly, establishing clear ethical guidelines and regulatory
frameworks for the use of Al in education is essential to ensure accountability and
prevent misuse (Holmes et al., 2021). These guidelines should address issues such
as data privacy, algorithmic fairness, and the potential impact of Al on the role of
teachers.

Furthermore, fostering a culture of critical awareness among educators and
students is paramount. Educators need to be trained to critically evaluate the
outputs of Al systems and to understand the limitations of these technologies.
Students, in turn, should be educated about the potential biases of Al and
encouraged to question and challenge the decisions made by these systems. By
promoting critical thinking and ethical awareness, we can harness the
transformative potential of Al in education while safeguarding against its potential
harms (Selwyn, 2016).

2.3.2. Data Privacy and Security: Protecting Student Information

In the realm of Al-driven education, data privacy and security emerge as paramount
concerns, necessitating robust measures to protect student information. The
integration of Al systems involves the collection, storage, and analysis of vast
amounts of student data, including academic performance, behavioral patterns, and
personal information. This data is used to personalize learning experiences and
improve educational outcomes. However, the potential for data breaches,
unauthorized access, and misuse of student data poses significant risks that must be
addressed proactively (Ohm, 2010).

Ensuring responsible data management practices is crucial for maintaining student
privacy and complying with relevant regulations, such as the Family Educational
Rights and Privacy Act (FERPA) in the United States and the General Data Protection
Regulation (GDPR) in Europe (U.S. Department of Education, 2000). These
regulations mandate that educational institutions obtain parental consent for data
collection, provide transparency regarding data usage, and implement appropriate
security safeguards to protect student data from unauthorized access and disclosure.
Furthermore, the development and deployment of Al systems in education should
adhere to ethical guidelines that prioritize student privacy and data security
(Holmes et al., 2021).

DOI: 10.63313/ESW.2011

53 Education and Social Work



Bei Qiu

To mitigate the risks associated with data privacy and security, educational
institutions should implement several key strategies. These include: (1) employing
data encryption and anonymization techniques to protect sensitive student
information; (2) establishing clear data governance policies and procedures that
define data access controls and usage guidelines; (3) providing regular training to
educators and staff on data privacy and security best practices; and (4) conducting
regular security audits to identify and address vulnerabilities in Al systems and data
infrastructure (Slavin, 2020). By prioritizing data privacy and security, educational
institutions can foster trust among students, parents, and the community, while

harnessing the transformative potential of Al to enhance education.

2.4. The Evolving Role of Teachers and the Future of Education

2.4.1. Teacher as Facilitator: Adapting to AlI-Driven Education

The integration of Artificial Intelligence (AI) into education necessitates a
fundamental shift in the traditional role of teachers. No longer solely dispensers of
information, educators must evolve into facilitators of learning, guiding students
through personalized educational journeys and fostering critical thinking skills
(Holmes et al., 2021). This transition requires teachers to adapt their pedagogical
approaches to effectively leverage Al-powered tools and resources, creating a
dynamic and engaging learning environment. The focus shifts from rote
memorization to cultivating higher-order cognitive abilities, such as
problem-solving, creativity, and analytical reasoning (Anderson, 2018).

Al can assist in automating administrative tasks and providing personalized
feedback, freeing up teachers to dedicate more time to individual student needs and
fostering deeper learning experiences (Hwang et al, 2020). This involves
understanding how to interpret data generated by Al systems to identify learning
gaps and tailor instruction accordingly. Furthermore, teachers must equip students
with the skills to critically evaluate information and navigate the ethical
considerations surrounding Al, including bias and algorithmic transparency (0’Neil,
2016). The role of the teacher thus becomes one of a mentor, guiding students in
developing digital literacy and responsible Al usage.

Ultimately, the successful integration of Al in education hinges on the ability of
teachers to embrace these new roles and responsibilities. Professional development
programs must prioritize training educators in Al literacy, data analysis, and
personalized learning strategies. By empowering teachers to become effective
facilitators, we can harness the transformative potential of Al to create a more
equitable, engaging, and effective educational system for all learners (Popenici &
Kerr, 2017).

2.4.2. Restructuring Educational Institutions for the Al Era

The integration of Artificial Intelligence (AI) necessitates a fundamental
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restructuring of educational institutions, moving beyond mere technological
adoption to encompass pedagogical and administrative reforms. This
transformation requires institutions to become more agile, responsive, and adaptive
to the rapidly evolving technological landscape (Hwang et al., 2020). A key aspect
involves redesigning curricula to emphasize skills that complement Al, such as
critical thinking, creativity, and complex problem-solving (Holmes et al., 2019). This
shift requires educators to adopt new pedagogical approaches that leverage Al tools
to personalize learning experiences and foster deeper student engagement.
Furthermore, the administrative structure of educational institutions must evolve to
support Al integration. This includes establishing dedicated Al ethics boards to
ensure responsible Al deployment, developing data governance policies to protect
student privacy, and investing in professional development programs to equip
educators with the skills needed to effectively use Al tools (Popenici & Kerr, 2017).
Institutions should also foster collaborations with Al developers and industry
partners to stay at the forefront of technological advancements and ensure that Al
solutions are aligned with educational needs (Zawacki-Richter et al, 2019). The
creation of interdisciplinary teams comprising educators, technologists, and
ethicists can facilitate a holistic approach to Al integration, addressing both the
technical and ethical implications.

Ultimately, restructuring educational institutions for the Al era is not just about
adopting new technologies; it's about creating a learning environment that prepares
students for a future where Al is ubiquitous. This requires a commitment to
continuous innovation, collaboration, and ethical responsibility, ensuring that Al
serves to enhance the human elements of education and empower students to thrive
in an increasingly complex world (Luckin, 2018).

3. Conclusion: Towards Responsible and Effective Al Integration
in Education

3.1. Summary of Key Findings and Recommendations

In conclusion, this paper underscores the transformative potential of Al in education,
revealing both significant opportunities and inherent challenges. Al-driven
personalized learning platforms, such as adaptive learning systems, offer the
promise of tailoring education to individual student needs, thereby enhancing
learning outcomes (Hwang et al, 2020). Intelligent tutoring systems provide
personalized feedback and support, further augmenting the learning process
(VanLehn, 2011).

However, the integration of Al in education necessitates careful consideration of
ethical implications, data privacy, and the digital divide. Addressing biases in Al
algorithms and ensuring the ethical use of Al are paramount (O'Neil, 2016). Robust
data privacy and security measures are essential to protect student information
(Floridi, 2014). Furthermore, bridging the digital divide is crucial to ensure
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equitable access to Al-powered educational resources.

To harness the full potential of Al in education, we recommend comprehensive
restructuring of educational institutions, focusing on pedagogical reforms,
administrative adaptations, and ethical guidelines. Teacher training programs
should be updated to equip educators with the skills needed to effectively facilitate

Al-driven learning environments (Holmes et al., 2022).

3.2. Future Research Directions and Concluding Remarks

Building upon the identified opportunities and challenges, future research should
prioritize longitudinal studies assessing the long-term impact of Al-driven
personalized learning on student outcomes, particularly concerning critical thinking
and problem-solving skills (Holmes et al., 2021). Further investigation is needed
into the effectiveness of Al-supported teacher training programs in preparing
educators for their evolving roles (Hwang et al., 2020). Specifically, research should
explore how Al can facilitate the development of teachers' skills in curriculum
adaptation and personalized feedback delivery.

Moreover, ethical considerations warrant continuous attention. Studies should focus
on developing and validating methods for detecting and mitigating bias in Al
algorithms used in educational settings (O'Neil, 2016). Furthermore, research is
crucial to establish robust data governance frameworks that ensure student data
privacy and security in Al-driven educational environments (Popenici & Kerr,
2017).

In conclusion, the transformative potential of Al in education is undeniable.
Realizing this potential requires a concerted effort to address ethical concerns,
prioritize data privacy, and equip educators with the necessary skills to navigate
this evolving landscape. By embracing a responsible and evidence-based approach,
we can harness Al to create a more equitable and effective educational system for
all.

References

[1] Darling-Hammond, L. (2010). The flat world and education: How America's commitment
to equity will determine our future. Teachers College Press.

[2] Hattie, ]. (2008). Visible learning: A synthesis of over 800 meta-analyses relating to
achievement. Routledge.

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

[4] Popenici, S. A, & Kerr, S. (2017). Exploring the relationship between artificial
intelligence and curriculum theory. Curriculum Inquiry, 47(4), 417-433.

[5] Holmes, W, Bialik, M., & Fadel, C. (2021). Artificial intelligence in education: Promises
and implications for teaching and learning. Center for Curriculum Redesign.

[6] Hwang, G. ], Xie, H., Zhan, Z,, & Chen, G. D. (2020). Definition, framework, and research
issues of smart learning environments—A context-aware ubiquitous learning
perspective. Smart Learning Environments, 7(1), 4.

[7] Popenici, S. A, & Kerr, S. (2017). Exploring the relationship between artificial

DOI: 10.63313/ESW.2011

56 Education and Social Work



Bei Qiu

(]

[10]

[11]

[12]

[13]
[14]
[15]
[16]

[17]

(18]

[19]
[20]
[21]

[22]
(23]

[24]
[25]
[26]
[27]
(28]

[29]
[30]

[31]

intelligence and curriculum theory. Journal of Curriculum Studies, 49(4), 549-562.

Brusilovsky, P., & Peylo, C. (2003). Adaptive and intelligent Web-based educational
systems. International Journal of Artificial Intelligence in Education, 13(2-4), 159-172.

Falmagne, ]. C., Cosyn, E., Doignon, ]J. P., & Thiéry, N. M. (2013). The ALEKS system: A
cognitive assessment and learning system. I[EEE Transactions on Learning Technologies,
6(4), 308-320.

Hermes, B., Means, B., Penuel, W. R, Padilla, C., & Tavalin, F. (2009). Implementation
evaluation in perspective: An example from a study of technology
immersion. Educational Evaluation and Policy Analysis, 31(3), 289-309.

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

Hwang, G. ], Xie, H., Zhan, Z., & Chen, G. D. (2020). Definition, framework and research
issues of smart learning environments—A context-aware ubiquitous learning
perspective. Smart Learning Environments, 7(1), 4.

Pane, J. F,, Steiner, E. D., Baird, M. D., & Hamilton, L. S. (2015). Continued progress:
Promising evidence on personalized learning. RAND Corporation.

Anderson, J. R, Boyle, C. F., Corbett, A. T., & Lewis, M. W. (1995). Cognitive modeling and
intelligent tutoring. Artificial Intelligence, 42(2-3), 227-277.

Anderson, J. R, Greeno, ]. G., Kline, P. ]., & Neves, D. M. (1985). Cognitive architecture and
rational analysis: Implications for instruction. Educational Researcher, 14(5), 5-16.
Bloom, B. S. (1984). The 2 sigma problem: The search for methods of group instruction
as effective as one-to-one tutoring. Educational Researcher, 13(6), 4-16.

Koedinger, K. R,, Anderson, J. R, Hadley, M. A,, & Mark, M. A. (1997). Intelligent tutoring
goes to school in the big city. International Journal of Artificial Intelligence in Education,
8(1), 30-43.

Ritter, S.,, Anderson, ]. R, Koedinger, K. R.,, & Corbett, A. T. (2007). Cognitive tutor:
Applied research in mathematics education. Review of Educational Research, 77(2),
181-218.

Shute, V. ]. (2008). Focus on formative feedback. Review of Educational Research, 78(1),
153-189.

VanLehn, K. (2006). The behavior of tutoring systems. International Journal of Artificial
Intelligence in Education, 16(3), 227-265.

Woolf, B. P. (2009). Building intelligent interactive tutors: Student-centered strategies
for e-learning. Morgan Kaufmann.

Angwin, ]., Larson, J., Mattu, S., & Kirchner, L. (2016). Machine bias. ProPublica.

Higgins, D., Burstein, ., Marcu, D, &f‘ﬁ 9, C. (2001). Evaluating multiple aspects of
coherence in student essays. Artificial Intelligence, 151(1-2), 1-27.

Holmes, W., Bialik, M., & Fadel, C. (2022). Artificial intelligence in education: Promises
and implications for teaching and learning. Center for Curriculum Redesign.

O'Neil, C. (2016). Weapons of math destruction: How big data increases inequality and
threatens democracy. Crown.

Popenici, S. A, & Kerr, S. (2017). Exploring the relationship between artificial
intelligence and curriculum theory. Journal of Curriculum Studies, 49(4), 541-558.

Sadler, D. R. (1989). Formative assessment and the design of instructional
systems. Instructional Science, 18(2), 119-144.

Williamson, B. (2019). Decoding class: Big data and the neoliberal re-engineering of
education. Learning, Media and Technology, 44(2), 220-235.

Elliott, ]., & Grigorenko, E. L. (2014). The dyslexia debate. Cambridge University Press.

Higgins, C., Xiao, Z., & Katsipataki, M. (2020). The impact of digital technology on
learning: A summary for teachers. Education Endowment Foundation.

Holmes, W., Bialik, M., & Fadel, C. (2022). Artificial intelligence in education: Promises

DOI: 10.63313/ESW.2011

57 Education and Social Work



Bei Qiu

[32]
[33]

[34]
[35]

[36]
[37]

(38]
[39]

[40]
[41]
[42]

[43]

[44]
[45]
[46]

[47]

(48]
[49]

[50]

[51]

[52]

[53]

[54]

and implications for teaching and learning. Center for Curriculum Redesign.

O'Neil, C. (2016). Weapons of math destruction: How big data increases inequality and
threatens democracy. Crown.

Rose, D. H,, & Meyer, A. (2002). Teaching every student in the digital age: Universal
design for learning. Association for Supervision and Curriculum Development.

Slavin, R. E. (2020). Educational psychology: Theory and practice. Pearson.

Vanderheiden, G. C. (2000). Fundamental principles and priority setting for universal
usability. Universal Access in the Information Society, 1(1), 43-69.

Goodman, B., & Flaxman, S. (2017). European Union regulations on algorithmic
decision-making and a “right to explanation”. Al Magazine, 38(3), 50-57.

Noble, S. U. (2018). Algorithms of oppression: How search engines reinforce racism.
NYU Press.

Selwyn, N. (2016). Is technology good for education?. John Wiley & Sons.

Ohm, P. (2010). Broken promises of privacy: Responding to the surprised user. UCLA
Law Review, 57(5), 1487-1555.

Slavin, R. E. (2020). Effective programs for struggling readers: A best-evidence synthesis.
Johns Hopkins University, Center for Research and Reform in Education.

U.S. Department of Education. (2000). Family educational rights and privacy act
(FERPA). Author.

Anderson, L. W. (Ed.). (2018). A taxonomy for learning, teaching, and assessing: A
revision of Bloom's taxonomy of educational objectives. Pearson Education.

Hwang, G. ], Xie, H.,, Zhan, Z., & Chen, G. D. (2020). Definition, framework, and research
issues of smart learning environments-a context-aware ubiquitous learning
perspective. Smart Learning Environments, 7(1), 4.

O’Neil, C. (2016). Weapons of math destruction: How big data increases inequality and
threatens democracy. Crown.

Popenici, S. A, & Kerr, S. (2017). Exploring the relationship between education and
artificial intelligence. Learning: Research and Practice, 3(2), 121-131.

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

Hwang, G. ], Xie, H,, Lo, S. C., & Tsai, C. C. (2020). Definition, types, and research trend of
mobile technology-supported collaborative learning: A systematic review. Educational
Technology Research and Development, 68(2), 499-525.

Luckin, R. (2018). Machine learning and human intelligence: The future of education for
the Al age. UCL Institute of Education Press.

Popenici, S., & Kerr, S. (2017). Exploring the relationship between artificial intelligence
and curriculum theory. Journal of Curriculum Studies, 49(4), 549-563.

Zawacki-Richter, 0., Marin, V. 1., 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(1),
39.

Floridi, L. (2014). The fourth revolution: How the infosphere is reshaping human reality.
Oxford University Press.

Hwang, G. ], Chen, B.,, & Kissner, S. (2020). Principles, strategies, and challenges of
designing personalized e-learning systems. International Journal of Distance Education
Technologies (IJDET), 18(1), 1-23.

VanLehn, K. (2011). The relative effectiveness of human tutoring, intelligent tutoring
systems, and other tutoring systems. Educational Psychologist, 46(4), 197-221.

Hwang, G. ]., Xie, H, Wah, B. W., & GaSevi¢, D. (2020). Vision, challenges, roles and
research issues of Artificial Intelligence in Education. Computers & Education: Artificial
Intelligence, 1, 100001.

DOI: 10.63313/ESW.2011

58 Education and Social Work



Bei Qiu

[55] Popenici, S. A, & Kerr, S. T. (2017). Exploring the relationship between educational
research and data privacy. Journal of Educational Administration, 55(6), 623-638.

DOI: 10.63313/ESW.2011 59 Education and Social Work



