AI-SUPPORTED COMPUTATIONAL THINKING: AN
 IN-DEPTH ANALYSIS FOR HIGHER EDUCATION
ABSTRACT The adoption of artificial intelligence (AI) technologies in higher education offers exceptional prospects for advancing computational thinking (CT) growth. The utilisation of AI in education is increasingly recognised as a pivotal catalyst for educational innovation. Although substantial literature addresses the incorporation of AI technology in educational environments, little attention has been directed to the essential role of educators and their professional development requirements. This study selected the reviews from five databases— ACM Digital Library, ERIC (Education Resources Information Centre), IEEE Xplore, Scopus, and Web of Science, which cover subjects like AI ethics literature, computer science education, and educational technology, to conduct the literature review from the last ten years to find more recent articles. The findings reveal how computational thinking education can incorporate AI technologies without compromising educational equity, and the main barriers and prospects for AI inclusion in CT curricula at higher education. This review enhances the existing knowledge on the responsible use of AI in academic contexts and provides practical guidance for educators, researchers, and policymakers who want to develop learning environments that are AI-enhanced and are more productive, interesting, and accessible.
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1. INTRODUCTION
The higher education landscape has experienced significant change as AI technologies are increasingly incorporated into teaching-learning processes, substantially shaping the development of students' CT skills (Chassignol et al., 2018; Chen et al., 2020; Zawacki-Richter et al., 2019). Studies by Holmes et al. (2019) and Reich & Mehta (2020) mentioned that this integration is more than a technological enhancement; it embodies a fundamental transformation that needs meticulous evaluation of both educational efficacy and equity implications. As Wing's foundational concept of CT progresses with technological advancements, educators and researchers confront the intricate challenge of utilizing AI's potential while ensuring these technologies promote educational equity rather than exacerbate disparities (Wing, 2006; Yadav et al., 2016; Selwyn, 2019). 
Luckin & Holmes (2016) and Roll & Wylie (2016) said in their study that AI-driven assessment tools, adaptive learning platforms, and intelligent tutoring systems have made it possible to support the development of CT in a variety of student demographics. In their study, Gaňvic et al. (2017) and Clark & Mayer (2016) have mentioned that these technologies can effectively address enduring issues in computational education because they provide unmatched capabilities for customisation, instant feedback, and data-informed instructional decision-making. In recent studies of Akgun & Greenhow (2022), Baker & Hawn (2022) and Barocas & Selbst (2016), they have discovered concerning patterns of algorithmic bias that can consistently disadvantage some student groups, particularly those from historically underrepresented groups in STEM fields. 
Williamson (2019) and Knox (2020) mentioned that beyond specific educational experiences, this technology integration has wider implications for democratic engagement in an increasingly digital environment, technical advancement, and participation in computing disciplines. Educational institutions, as principal venues for the generation of computational knowledge and human advancement, hold a significant obligation to exemplify ethical utilization of AI while equipping different student cohorts to effectively participate in computational careers and influence an AI-driven future (Dignum, 2019; Holmes et al., 2019). The challenge lies not only in implementing AI tools but also in creating learning settings where AI and human cognitive processes work together to enhance rather than replace critical computational thinking abilities. (Veletsianos, 2022; Weller, 2020).
2. METHODOLOGY
Five databases— ACM Digital Library, ERIC (Education Resources Information Centre), IEEE Xplore, Scopus, and Web of Science (Core Collection)—were selected for their coverage of AI ethics literature, computer science education, and educational technology to conduct the literature review. The search was carried out to find the recent articles in the area of AI and CT and articles from the last ten years were considered for this study.
Boolean combinations of the concept clusters were used in search strings.
· AI related concepts: (“artificial intelligence” or “machine learning” or “AI” or “intelligent tutoring” or “adaptive learning” or “large language model” or “LLM” or “generative AI”)
· CT related concepts: (“computational thinking” or “programming education” or “computer science education” or “coding education” or “algorithm learning”) 
The comprehensive narrative review looks into the relationship among integration of AI, CT pedagogy, and equity in educational opportunities in higher education. In contrast to a systematic review, this all-encompassing method incorporates a variety of sources, including institutional frameworks, policy documents, and peer-reviewed literature, to enable a more thorough investigation and mapping of this emerging interdisciplinary topic.
3. RESEARCH QUESTIONS 
· How can computational thinking education incorporate AI technologies without compromising educational equity?
· What are the main barriers and benefits for AI inclusion in CT curricula at higher education? 
4. RATIONALE FOR THE EXTENSIVE REVIEW METHOD
The broad scope of AI-enhanced CT education encompasses AI ethics with computer science education, learning sciences, and policy studies, necessitating synthesis using numerous methodological strategies; the fast growth of AI related technologies implies that much significant data exists in professional reports, policy documents, and latest conference proceedings that are not captured in the systematic databases yet; the equitable focus implies flexible synthesis methodologies that can accept different types of evidence, and the evolving character of this field calls for exploratory mapping rather than definite effect size estimates (Grant & Booth, 2009; Paré et al., 2015).
5. THEORETICAL BACKGROUND OF AI-ENHANCED COMPUTATIONAL THINKING
5.1 Historical development of Computational Thinking 
Computational thinking's conceptual framework has also changed a lot since the initial definition of the concept by Wing (2006), especially with studies like Yadav et al. (2016) and Grover & Pea (2013), the improvement of educational technologies, no longer being computer-assisted instruction but AI-powered learning platforms. Conventionally, the CT models have been centred on four core capabilities, namely, decomposition, pattern recognition, abstraction, and algorithm design. As AI-based resources, like intelligent code completion and automated debugging assistants, have appeared, these competencies are supplemented with technology, which provides instant feedback and personal assistance.
Nevertheless, there can be a risk of such outcomes as the loss of independent ability to solve problems, possible biases in the assessment, and the lack of metacognitive knowledge of students about how they compute (Holstein et al., 2019; Roll & Wylie, 2016). Chiu & Chai (2020) and Tondeur et al. (2017) have mentioned that to handle such issues, the existing paradigms of education have to re-evaluate these competencies to make people and AI cooperate effectively, as the issues of intelligent systems work are being transformed.
Holstein et al. (2019) have mentioned that improved decomposition within AI-mediated settings is now the issue of how to best distribute tasks among human and AI agents.  Students have to learn how to break down problems so that they utilise the synergistic capabilities of human innovation and AI processing power, and learn when they should retain human control and regulation. This is more important because AI systems can perform more advanced, complex, and computationally demanding tasks that were once handled solely by humans (Floridi et al., 2018; Winfield & Jirotka, 2018).
Hsu (2025) shows that the development of successful AI prompts is a CT skill that will have to be decomposed, abstracted, and algorithmically thought. Such a view shifts the question of whether students should use AI tools to how students can acquire competencies in CT with the help of AI through purposeful interaction with it, in the case of the specific scaffold.
Wing (2006), Grover & Pea (2013), and Yadav et al. (2016) have mentioned in their study that the impact of AI on computing is not limited to computing; disciplines like mathematics, data science, and digital arts can use AI to enhance pattern recognition, data analysis, and artistic expression, and to prioritise cultural appropriateness and equity. 
Learners will have to gain competencies in interpreting AI-generated outputs, being aware of the constraints of algorithmic pattern recognition, and combining the patterns found by AI with human contextual knowledge and domain knowledge. Jobin et al. (2019) and Taddeo & Floridi (2018) said that this development can be interpreted as an expansion of understanding that to make computational thinking in AI-immersed settings effective, a person needs both critical thinking abilities and technical skills.
5.2 Human-AI symbiotic theory (HAIST) of education
The HAIST suggests a set of principles to improve human-AI cognitive relationships in education that build on existing models, including Technological Pedagogical Content Knowledge (TPACK) and Universal Design for Learning (UDL). HAIST, to overcome the shortcomings of conventional methods, failed to properly support human cognitive development in learning activities with the introduction of AI. Rather than replacing existing frameworks, HAIST is an extension of TPACK and UDL, offering detailed guidance on maintaining human agency and harnessing AI capabilities. According to Koehler & Mishra (2009) and CAST (2018), the theoretical contribution is predicated on the incorporation of educational technology to deal with current issues related to the application of AI.
Computational agency preservation upholds the idea that AI systems do not eliminate but only augment student decision-making power in computational processes of problem solving, particularly among pupils who have traditionally been excluded from STEM instruction, as mentioned by Wachter et al. in 2017. This preservation involves offering significant options regarding levels and modalities of AI interaction, ensuring transparency regarding the influence of AI systems on the experiences of computational learning, and offering an effective opt-out that would not punish students who decide in other ways to engage in the experiences of computational learning. In their studies, Danaher et al. (2017) and Binns et al. (2018) have said that student agency is essential in maintaining student capabilities to make sure that AI augmentation does not turn into AI substitution of the human ability to compute.
5.3 Assimilation with familiar pedagogical systems
Effective use of AI in the teaching of computational thinking requires careful alignment with the current pedagogical frameworks (Meyer et al., 2014; Rogers, 2003). Universal Design for Learning has been identified as a key to developing AI-enhanced learning environments that support diverse learners without compromising academic quality (CAST, 2018; Ifenthaler & Schumacher, 2016). Through diverse representational capabilities, engagement practices, and expression, AI systems may support computational problem-solving across different learning approaches.
Chandler & Sweller (1991), Sweller (1988), and Clark & Mayer (2016) have mentioned in their studies that Cognitive Load Theory gives the necessary knowledge on how AI systems can improve and not overload students' cognitive abilities when engaged in activities of CT. The cognitive resources of AI-enhanced learning environments can be effectively controlled, which means that teachers can provide students with the necessary cognitive resources to acquire the basic skills of computational thinking, rather than students being confused by the interface of artificial intelligence or flooded by the abundance of AI-generated information. Gaševic et al. (2016) and Schumacher & Ifenthaler (2018) mentioned that this aspect is especially significant when it comes to teaching students whose technological proficiency may differ, as well as to acquiring the ability to think computationally while simultaneously becoming AI-literate.
Gay (2018) mentioned that the idea of culturally responsive teaching is essential for validating the range of experiences that students bring to the classroom.
The inclusion of elements that have been culturally relevant in AI-enhanced teaching has proven to be an effective way of enhancing student engagement and learning outcomes, especially among underrepresented students. The sensitivity of the reflection of diverse cultural views and approaches to problem-solving issues by AI systems will be crucial in making sure that education practices are inclusive. The combination of the culturally responsive approach and AI-enhanced instruction should be considered in light of how algorithmic systems can embody diverse cultural views and problem-solving strategies when addressing computational issues (Tondeur et al., 2017; Parmar et al., 2010).
6. AI INTEGRATION IN THE TEACHING OF COMPUTATIONAL THINKING
Zawacki-Richter et al. (2019), Zawacki-Richter & Latchem (2018), and Anthology (2024 have said that the latest trend of AI integration in the content of teaching computational thinking demonstrates the dynamic nature and complexity of the technological environment, with multiple advanced methods, each with its unique opportunities and drawbacks related to the need to implement it fairly. One of the most advanced uses of this technology is intelligent tutoring systems, which are made to provide students with customized instructions and feedback based on their needs and learning preferences and to update them in real-time (Luckin & Holmes, 2016; California State University, 2024). 
Adaptive learning platforms are based on machine learning algorithms that analyze the data on student performance and can make changes to the instructional content, pace, and difficulty to optimize learning among all students (Gaševi´c et al., 2016; EDUCAUSE, 2024). Studies like Chen et al. (2020) and Faculty Focus (2025) show that these platforms have the potential to considerably enhance engagement and achievement of students in CT skills and provide educators with valuable insights into learning patterns and students' areas of weakness when properly designed and implemented.
An additional advantage of AI-based assessment tools is their ability to provide instant and precise feedback on tasks involving computational thinking, which human evaluators could not otherwise handle in large student samples (Perkins et al., 2024; Cotton et al., 2024). Those tools may examine students' code, problem-solving methods, and patterns of reasoning to identify the areas for improvement and propose specific actions. 
7. ADVANTAGES AND PROSPECTS OF ENHANCED LEARNING
When applied appropriately, the introduction of AI technologies into CT education has significant advantages that can be used to improve learning experiences of a wide range of student populations (Chen et al., 2020; Chiu, 2021). It is also worth mentioning that the ability of personalization is a considerable strength, and educational experiences can be customized to the personal style of learning, background knowledge, and cultural contexts in a previously unheard-of manner. Roberts et al. (2016) and Gaševi´c et al. (2016) mentioned that this individualization is especially beneficial to students who struggle to fit into the education system. Moreover, AI applications provide teachers with rational information about the learning process of students, which allows them to make informed choices in education and implement more specific interventions (Drachsler & Greller, 2016; Pardo & Siemens, 2014). Such understandings can spot struggling students before they are left behind, clarify the existing myths among learners, and also help in the curriculum reforms on the basis of real evidence of learning patterns, which will eventually bring about more equitable education. Jones & McCoy (2019) and Prinsloo & Slade (2017) said in their studies that if applied correctly, these abilities can facilitate fairer learning outcomes, since each student will have the assistance they require to succeed in developing computational reasoning.
8. DIFFICULTIES AND CONSTRAINTS IN AI IMPLEMENTATIONS
Adiguzel et al. (2023) and Baker & Hawn (2022) mentioned that although the opportunities of AI-enhanced CT education are high, the existing applications are fraught with serious issues, which need to be mitigated to achieve fair educational results. 
Moreover, in the studies of O’Neill (2016) and King et al. (2020), they have mentioned that the current AI systems have technical disadvantages that make their implementation an unequal process. Most of these systems have difficulty with situational comprehension and the subtle reasoning of the ethical and social aspects of CT, which results in poor coverage of the key aspects of the education process, particularly in the area of ethical reasoning and culturally sensitive problem-solving (European Commission, 2021; Malgieri & Comandé, 2017).
A meta-analysis of AI tutoring systems in STEM education, including several contexts of computational thinking (VanLehn, 2011), demonstrated inconsistencies in effectiveness, especially when the systems were not culturally responsive and did not help underrepresented minorities and first-generation college students. 
Adiguzel et al. (2023) and Tondeur et al. (2017) mentioned that the resistance of faculty members to the integration of AI is another issue that is worth discussing and being tackled within the framework of the provided system of professional development and institutional assistance. In studies of Bretag et al. (2019) and Dawson & Sutherland-Smith (2018), they have stated that most teachers are worried about the effects of AI on academic honesty, whether AI can substitute human education, and how difficult it is to learn to use AI-related products and remain focused on educational objectives. The effective implementation of AI would involve long-term faculty development, which must deal with the technical skills of AI use in education and the pedagogical consequences of AI was mentioned by Kotter (2012) and Lancaster & Clarke (2016) in their studies.
9. FRAMEWORKS FOR THE INTEGRATION OF AI IMPLEMENTATION
American Association of University Professors (2023) and California State University (2024) talked about the transformation of ethical concepts into actual practice, necessitating systematic frameworks that tackle the complicated nature of educational settings while prioritizing equity concerns. A thorough context analysis (Table 2) underpins ethical AI implementation, which entails a systematic evaluation of the CT learning environment. The following includes assessing students' computational abilities, evaluating the inclusivity of the existing curriculum, identifying cultural as well as contextual factors influencing computational learning, and analyzing institutional policies related to AI usage in educational contexts.
EDUCAUSE in 2024 mentioned that more than just gathering demographic data, this context-based analysis needs to take into account students' prior CT experiences, their cultural approaches to problem solving, their level of confidence in AI technologies, and their concerns about algorithmic equity and privacy. Assessing institutional culture and resources, such as faculty preparedness for AI integration, the accessibility of technology support systems, and the institution's dedication to equal opportunity in computational education, is necessary for a thorough context analysis (Faculty Focus, 2025; Holmes et al., 2022).
Collaborative goal setting formulates learning objectives that consider individual computational thinking advancement and human–AI collaborative results, while maintaining alignment with equality objectives and institutional principles (Jin et al., 2025; Chan, 2023). These objectives must encompass conventional computational thinking competencies while integrating AI collaboration abilities, critical evaluation skills, and ethical reasoning in computational decision-making. By ensuring that goals represent institutional interests, student needs, and community values, the collaborative method to objective setting promotes shared ownership of the results of AI integration (Anthology, 2024; Ruffalo Noel Levitz, 2025). 
Adaptive development procedures generate educational content and exercises that address different computational learning requirements while maintaining excellent standards for every learner (Koehler & Mishra, 2009). Examples of this adaptation include creating AI-compatible computational content that represents a variety of perspectives and domains of concern, developing interaction protocols that safeguard learner autonomy and choice, putting quality assurance procedures for AI-generated educational content into place, and preparing assessment tools that assess both individual CT advancement and collaborative problem-solving outcomes. Gay (2018 and Paris & Alim (2017) mentioned that the flexibility of these processes guarantees that AI integration may adjust to changing student needs and technology capacities while preserving equitable results.
Table 1.  Framework-to-Practice Mapping for AI-Enhanced CT Education (Chick, 2025)
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It is essential to develop new approaches to institutional choice-making that prioritize equitable issues while promoting innovation in education and efficacy for efficient management structures for integrating artificial intelligence in computational thinking education (Winfield & Jirotka, 2018). American Association of University Professors (2023) and Government of Canada (2023) said that for institutional management committees to successfully handle the intricate issues of fair AI integration in educational contexts, they must have a variety of viewpoints and specialities. To safeguard student privacy and uphold acceptable confidentiality, procedures for accountability and transparency must provide a clear understanding of how AI systems OPERATE AND MAKE DECISIONS.

10. INTEGRATION OF AI THROUGH PEDAGOGICAL STRATEGIES
10.1 Preparation of faculty development
The successful implementation of equitable AI-enhanced CT education requires faculty development programs that address both technical AI literacy and cultural competency, addressing bias and inclusion in computational education environments (Adiguzel et al., 2023; Holmes et al., 2022; Tondeur et al., 2017; Zawacki-Richter et al., 2019). To help faculty comprehend how bias appears in AI systems and create AI-enhanced computational learning experiences that successfully serve different student groups, integrative competence enhancement must combine computational AI literacy with cultural responsiveness training (Roll & Wylie, 2016; Koehler & Mishra, 2009; Luckin et al., 2016). Dignum (2019) and O’Neill (2016) mentioned that this integration must address implicit bias in computational education and provide workable solutions for creating equitable AI-powered computational ecosystems that support many approaches to learning and problem-solving. 
Rogers (2003) and Weller (2020) talked about integration in pedagogical assistance that helps instructors prioritize critical skill development and student autonomy while facilitating effective AI-human collaboration in computational settings. This support includes how to balance AI support with independent skill development, how to maintain autonomy for students in computational problem-solving, how to assess both individual computational advancement and collaborative outcomes, and how to develop critical evaluation skills for AI-produced content and recommendations. Faculty growth must confront the difficulty of utilizing AI tools to augment, rather than supplant, human computational thinking, while guaranteeing that all students benefit from these advancements irrespective of their experience or prior training (Harvard University, 2023; Massachusetts Institute of Technology, 2023). 
Anthology (2024), California State University (2024), EDUCAUSE (2024) and Faculty Focus (2025) mentioned that these systems should include resources for reducing identified biases in the classroom applications, a community of practice for sharing strategies and experiences, technical assistance for AI applications and platforms, advice on pedagogical approaches and equity issues, and regular updates on new investigations and best practices in inclusive AI integration. 
10.2 Learner-centred AI adoption strategies 
Student collaborative design methodologies engage students as authentic collaborators in the development and enhancement of AI tools for CT education instead of merely soliciting their input on pre-established alternatives (Gaševi´c et al., 2016; Holstein et al., 2019; Ifenthaler & Schumacher, 2016; Roberts et al., 2016; Sanders & Stappers, 2008; Schumacher & Ifenthaler, 2018; Simonsen & Robertson, 2012). This collaboration is crucial in computational environments where effective learning strategies, cultural significance of examples and situations, and student views on problem-solving techniques can significantly improve system structure and efficacy. Jones & McCoy (2019), Kasneci et al. (2023), Prinsloo & Slade (2017) and Rudolph et al. (2023) mentioned that involving students in the design process guarantees that AI systems respect rigid norms for all students while embracing various computational thinking approaches and accommodating varying learning preferences.
Akgun & Greenhow (2022), Chiu (2021), Slade & Prinsloo (2013), Kasneci et al. (2023), Regan & Jesse (2019) and Rudolph et al. (2023) suggested that the programs must be structured to provide opportunities for all students to develop advanced CT skills and AI cooperation competences that will help them in their future professional and academic endeavors, while also supporting students with different levels of prior preparation. 
10.3 AI implementing strategy through pedagogical approach
Employ a three-phase methodology wherein students initially address computational thinking challenges manually, subsequently utilize AI support for particular subtasks (such as syntax verification or optimization recommendations), and ultimately contemplate the distinctions between human and AI methodologies. This protocol guarantees the development of fundamental skills while enhancing AI collaborative capabilities.
Studies on basic programming education indicate that the early introduction of tools that are automated may impede troubleshooting methods and metacognitive development (Collins et al., 1989). Before using AI assistance, the three-step process ensures that students develop basic algorithmic thinking, aligning with constructionist ideas that emphasise learner-generated comprehension over tool-based answers (Papert & Harel, 1991). González et al. (2005) and Moll et al. (1992) mentioned developing programming initiatives that take advantage of students' community interactions and cultural awareness. In a study in 2006, Eglash et al. addressed that ethnomathematics methodologies and culturally relevant design tools in computing education have demonstrated increased achievement and involvement among underrepresented students.
Students must record experiences interacting with AI platforms, describing the questions used, the answers received, and the conclusions drawn regarding the integration or dismissal of AI recommendations. This approach develops the critical evaluation skills and metacognitive awareness necessary for moral AI cooperation. Ng et al. (2021) mentioned that the development of critical AI literacy and ethical technology use is facilitated by metacognitive scaffolding of AI interactions. In 2024, Denny et al. mentioned that the requirements for documentation make reasoning by students transparent and enable formative evaluation of CT and ethical decision-making skills. 
10.4 Innovations in curriculum design and evaluation 
Clark & Mayer (2016) and Gašević et al. (2017) talked about the incorporation of AI technologies into CT education, which necessitates a foundational reevaluation of designing the curriculum and assessment methodologies. Studies like Tondeur et al. (2017) and Williamson et al. (2020) expressed that conventional curricular frameworks may be suboptimal for AI-powered learning settings, especially when fairness is given precedence over educational effectiveness. 
Chiu & Chai in 2020 talked about how socially adapted curriculum creation integrates diverse perspectives and issue contexts into CT education by using AI capabilities to provide individualized learning experiences that validate and improve students' cultural backgrounds and prior knowledge. This expansion calls for careful consideration of the formulation and contextualization of computational problems, making sure that applications and examples reflect the variety of learner experiences and interests, instead of relying on narrow technical domains that might not effectively appeal to all students.
Socially adapted curriculum development incorporates multiple views and problem settings into computational thinking education, utilising AI capabilities to deliver personalised learning experiences that affirm and enhance students' cultural backgrounds and existing knowledge (Chiu & Chai, 2020. This growth necessitates meticulous consideration of how computational problems are articulated and contextualised, ensuring that examples and applications represent the diversity of student experiences and interests, rather than resorting to limited technical domains that may fail to engage all students effectively. Akgun & Greenhow (2022), and Holmes et al. (2019) mentioned in their study that AI systems could facilitate this diversification by assisting in the identification of culturally pertinent applications; however, empirical validation of these methodologies within higher education computational thinking contexts is still scarce, particularly regarding the adaptation of presentation of content to different learning styles and cultural settings. 
Assessment innovation transcends conventional testing methods to gauge individual computational thinking progression and human–AI cooperation skills, while being attuned to potential biases in evaluation procedures (Cotton et al., 2024; International Centre for Academic Integrity, 2021; Perkins et al., 2024). Studies like Amigud & Lancaster (2019), Bretag et al. (2019), Dawson & Sutherland-Smith (2018) and Lancaster & Clarke (2016) addressed that this innovation encompasses the creation of assessments based on performance that gauge learners' proficiency in collaborating with systems of AI while exhibiting CT skills, portfolio methodologies that document progress in both individual and group computational capacities, self-reflective exercises that promote metacognitive awareness regarding learners' computational learning processes and peer assessment methods that make use of diverse viewpoints on the caliber of computational problem-solving.
11. PEDAGOGICAL FRAMEWORKS FOR COMPUTATIONAL THINKING IN HIGHER EDUCATION 
Execute long projects in which students utilise all four computational thinking talents (decomposition, pattern recognition, abstraction, and algorithm design) to address situations in the real world. AI technologies can facilitate this methodology by assisting learners in identifying pertinent datasets, proposing strategies of decomposition, and offering feedback on algorithmic methodologies, all while preserving learners' autonomy in issue description and solution creation. Govender (2016) and Tsai et al. (2021) have mentioned that Problem-based learning, which is based on problems, has proven successful in cultivating CT abilities while enhancing transferability and grasp of concepts. Incorporation of AI tools in problem-based learning environments might improve students' capacity to address intricate, real-world issues while emphasizing essential critical thinking competencies (Hsu et al., 2021). 


12. PROSPECTS FOR TECHNOLOGY INFRASTRUCTURE AN IMPLEMENTATION OF AI ADOPTION
The execution of equitable AI-driven CT education necessitates meticulous consideration of the technical infrastructure capable of accommodating different student demographics while upholding rigorous requirements for accessibility, security, and the system's performance (National Institute of Standards and Technology, 2023). Technical criteria encompass not only fundamental functionality but also factors such as digital equity, accessibility for students with impairments, and interoperability with various technical resources available to students in their learning contexts. CAST (2018), Meyer et al. (2014), Singapore Government (2020), Drachsler & Greller (2016) and Pardo & Siemens (2014) mentioned one important factor that ensures students with different skill levels and technological resources may effectively use AI-powered CT tools is platform accessibility.
Government of Canada in 2023 mentioned that the standards for interoperability guarantee that AI-augmented CT instruments may seamlessly connect with current educational technology systems while preserving adaptability for future developments in technology. 
The sustainable execution of equitable and AI-enhanced CT education requires careful resource allocation planning that takes into account both short-term requirements for execution and long-term improvement and maintenance requirements (UNESCO, 2021; Holmes et al., 2022). Dignum (2019) and Veletsianos (2022) talked about how continuous enhancement methods guarantee that AI-powered CT systems may adapt and advance over time, responding to evolving learners' requirements, technical advancements, and insights into efficient strategies for fair execution. 
Table 2. Summary of Key Empirical Studies on AI-Enhanced Computational Thinking Education (Chick, 2025)
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Research indicating favourable results regularly identifies numerous shared traits that correspond with equity-centred implementation strategies (Luckin & Holmes, 2016; Reich & Mehta, 2020; Selwyn, 2019; Knox, 2020; Baker & Hawn, 2022; Williamson, 2019). Akgun & Greenhow (2022) and Adiguzel et al. (2023), in their studies, mentioned that the difference between effective and ineffective implementations emphasises how crucial it is to integrate AI in educational settings using thorough, equity-centred methods. 
Studies like Chiu (2021) are examining the long-term effects of AI-powered CT instruction, which are very helpful for understanding the consequences of various deployment strategies. Learners who take part in well-thought-out AI-powered enhanced CT programs demonstrate notable improvements in both 21st-century skills and technical expertise, such as ethical reasoning, critical thinking, and teamwork—all of which are necessary for success in today's computational professions. These results imply that the integration of equity-centred AI can have positive effects on students' long-term educational and career paths that go considerably beyond short-term academic results (Usher & Barak, 2024). The evidence base has been significantly updated by recent research conducted in 2025 on LLM-supported computational thinking. 
Current empirical research provides proof of the problems and advantages of AI-powered CT instruction. Weintrop and Wilensky (2019) figured that, in introductory programming classes, students who used AI-powered instruments for debugging reduced the time of problem-solving and possibly improved metacognitive awareness, with results that varied considerably across demographic groups. While overall accuracy increased, Hutchinson and Mitchell's (2019) analysis of the assessment powered by AI in CT tasks revealed systematic discrimination against non-native English speakers, despite the fact that human teachers found their problem-solving skills to be equivalent.
In 2019, Gardner et al. examined equity results in AI-powered CT courses in a long-term research study with 847 students from six different institutions. The findings demonstrated that, compared with traditional instruction, AI scaffolding was more beneficial to children from historically marginalised backgrounds when culturally sensitive design concepts were used, resulting in a significant reduction in achievement gaps for marginalised students. However, implementations lacking specific techniques to mitigate bias revealed growing success discrepancies, especially for first-generation college students and those with no prior programming expertise (Blikstein, 2018; Gardner et al., 2019).
Harvard University (2023) and University of California System (2023) have mentioned that in their efforts to integrate AI, community colleges and regional universities have created creative strategies that prioritise community involvement, cultural sensitivity, and accessibility. Implementations of AI-powered CT education in community colleges frequently attain equitable results that surpass the implementation of those resource-intensive in research areas, based on studies looking at the results of skill development in different kinds of institutions. Studies like EDUCAUSE (2024) and Faculty Focus (2025) mentioned that, in order to achieve positive educational outcomes, attention to fairness and inclusion may be more important than technological expertise.
International comparisons show notable differences in strategies of AI integration that reflect diverse educational traditions, legal frameworks, and cultural values (UNESCO, 2021). The government of Canada (2023) and the Singapore Government (2020) mentioned that these differences offer important insights into strategies for balancing social values, educational equity concerns, and technological capabilities in AI-supported learning settings.
13. CONCLUSIONS: COMPUTATIONAL THINKING EDUCATION ENHANCED BY AI
According to Reich & Mehta (2020) and Holmes et al. (2019), integrating AI technology into CT education poses both a huge challenge for guaranteeing academic fairness and inclusion as well as an unparalleled potential for educational revolution. This thorough analysis has looked at the complicated field of AI-powered CT education from an equity-based perspective, synthesising data from various sources to find practical methods for utilising the potential of AI while shielding students who are vulnerable from prejudice and algorithmic bias (Knox, 2020; Selwyn, 2019).
The data shows that successful integration of AI with CT education necessitates much more than just technological advancements and innovation (Veletsianos, 2022; Weller, 2020). In comparison to technically advanced but socially insensitive approaches, equity-based executions consistently yield better results for a variety of different learner populations, according to an overview of recent studies and practices (Adiguzel et al., 2023; Baker & Hawn, 2022).
Educational institutions, instructors, and policymakers are seeking to apply AI-powered CT education equitably; the pedagogical strategies and implementation frameworks offered provide helpful guidance (American Association of University Professors, 2023; California State University, 2024). These tactics highlight the significance of thorough faculty development, student-centred design methodologies, curriculum development that is sensitive to cultural differences and trustworthy evaluation systems that promptly detect and address equity concerns.
National Institute of Standards and Technology (2023) and the Singapore Government (2020) have noted that, for institutions of higher education in the twenty-first century, implementing equity-centred approaches to the integration of AI in CT education is both a practical requirement and a moral obligation. Gouseti et al. (2024) and Faculty Focus (2025) have noted that by implementing the concepts and tactics revealed in this research, educational institutions can fulfil their promises of inclusive excellence while leveraging AI's potential to deliver more effective, readily available, and equitable CT instruction for all students.
The data indicate that, when implemented through comprehensive, community-focused strategies prioritising student agency and social justice, AI-enhanced CT education has the potential capacity to promote educational equity rather than hinder it (Anthology, 2024; Jin et al., 2025; Chan, 2023; Ruffalo Noel Levitz, 2025). 
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