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Editorial on the Research Topic
 Artificial intelligence in educational and business ecosystems: convergent perspectives on agency, ethics, and transformation




The rapid technological advancements in artificial intelligence (AI) have sparked conversations across almost every sphere about the dramatic changes in personal and professional learning. “Technology is more than a tool—it is also an element within the teaching context which, when examined, has the power to transform” (Dacey et al., 2016, p 169). AI possesses infinite possibilities to create novel forms of cognitive extension, enhance funds of knowledge, and be adaptive and interactive, yet it can also limit, misrepresent, mislead, distort, and negatively influence how people think and learn, depending on its use. Understanding AI's transformative power requires transdisciplinary investigations into how AI systems, human actors, and learning environments coalesce in non-linear ways, forming dynamic educational assemblages (Braidotti, 2013, 2016). As AI systems become increasingly sophisticated and we experience them as acquiring anthropomorphic characteristics, we must reflect, reconceptualize traditional frameworks of teaching and learning, and develop new pedagogical approaches that incorporate ethical principles to maximize good and minimize harm (Dacey, 2022; Dacey et al., 2025). Recent advances in AI are fundamentally altering the educational landscape and have garnered significant attention for the dilemmas they raise for learners, teachers, and leaders in P12 classrooms, higher education environments, and business organizations.

For this Research Topic, we solicited articles that address multiple transdisciplinary perspectives. The global submissions reveal the current state of accelerating and compounding changes resulting from the integration of AI into educational systems. We wanted dialogue about more than a technological shift, a fundamental change in knowledge production, institutional authority, and pedagogical purpose. Questions emerged about how cognition is distributed across human-AI networks, how agency emerges from these interactions, and how these configurations transform educational spaces. Research highlighted in this issue can assist educators and leaders in grappling with the nature of knowledge construction, the role of embodied experience, our pedagogical approaches, and the ethical implications of AI-mediated learning. As Paulus and Lester (2023) acknowledge, AI usage is not a neutral endeavor. We must carefully and consciously reflect on how AI can reshape and limit learning, with implications for both education and business, two fields that require thoughtful forecasting and policy revisions. Four broad categories of manuscripts were identified: (1) AI pedagogical integration and teaching practices, (2) institutional policy and governance, (3) academic integrity and ethics, and (4) faculty perspectives and professional development.

AI Pedagogical Integration and Teaching Practices: The integration of AI into pedagogical practice reveals tension between technical implementation and meaningful educational transformation. Khoza and Van der Walt's systematic review, A systematic review on AI-enhanced pedagogies in higher education in the Global South, shows that AI applications in institutions in the Global South tend to prioritize administrative efficiency over pedagogical innovation, due to infrastructure limitations and inadequate faculty preparation. Bastian et al. demonstrate an alternative in Using AI chatbots to facilitate mathematics pre-service teachers' noticing skills through empirical validation of chatbot-supported professional development, in which AI scaffolds pre-service mathematics teachers' noticing skills through structured feedback mechanisms. Murniarti and Siahaan's structural equation modeling in The synergy between artificial intelligence and experiential learning in enhancing students' creativity through motivation positions motivation as a critical variable linking AI-enhanced experiential learning to student creativity, suggesting that technological affordances alone are insufficient without attention to affective dimensions. Leon et al. synthesize these concerns through their transdisciplinary framework in Artificial intelligence in STEM education: a transdisciplinary framework for engagement and innovation, identifying student agency, assessment paradigm shifts, and ethical tensions as core challenges requiring resolution. Their analysis underscores a fundamental dilemma: STEM education risks replicating efficiency-driven models that subordinate inclusive access and epistemic reflexivity to instrumental rationality. Across these contributions, the imperative emerges not for wholesale adoption of AI, but for pedagogically coherent implementations that honor contextual specificities and epistemic diversity. Rimal and Sharma's Ensemble Machine Learning Prediction Accuracy: Local vs. Global Precision and Recall for Multiclass Grade Performance of Engineering Students is distinct in its focus on machine learning algorithms for grade prediction and data-informed teaching practices. Machine learning applications in grade prediction raise questions about educational measurement, intervention timing, and the purposes of academic assessment within engineering education. The implications extend beyond technical refinement to questions about whether data-informed decision-making enhances educational equity or reinforces existing inequalities through algorithms that appear neutral.

Institutional Policy and Governance: Educational institutions confront generative AI through reactive policy development that prioritizes compliance over strategic vision, resulting in fragmented governance frameworks that are inadequate to the technology's transformative scope. Aristombayeva et al. document this institutional ambivalence in Guiding the Uncharted: The Emerging (and Missing) Policies on Generative AI in Higher Education, noting how universities conform to external regulatory pressures while failing to address research-specific applications or the distinctive challenges confronting art-focused institutions. Their analysis suggests that current policies overlook the cognitive, affective, and metacognitive demands of AI-assisted learning, revealing a deeper failure to reconceptualize educational frameworks that account for algorithmic mediation. Zhu et al. situate these governance deficits within the context of geopolitical tensions in Cross-border higher education cooperation under the dual context of artificial intelligence and geopolitics: opportunities, challenges, and pathways, demonstrating how techno-nationalism, data sovereignty conflicts, and divergent algorithmic values fragment cross-border educational cooperation. Their proposal for inclusive technological ecosystems and mutual recognition mechanisms addresses the fundamental problem of AI governance within competing national and cultural frameworks. Berkovich's empirical findings in The rise of AI-assisted instructional leadership: empirical survey of generative AI integration in school leadership and management work further complicate this picture, revealing that school leaders are the early adopters of AI-assisted instructional leadership. These patterns suggest AI integration proceeds rapidly despite inadequate governance structures, potentially entrenching inequities and centralizing power within technology providers.

Academic Integrity and Ethics: Large language model (LLM) services offer advantages for students developing their writing skills, particularly for second language learners. The benefits of using AI assistance come with drawbacks. As the Academic Integrity Office in my School of Education community, I understand firsthand the complexity involved in navigating questions about authorship, originality, and the learning process. AI technology complicates the writing process in many ways: it can diminish voice, damage or build a developing writer's confidence, and add a layer to teaching practices, depending on how AI is integrated. Garcia Ramos proposes a disclosure-based framework in Development and introduction of a document disclosing AI-use: exploring self-reported student rationales for artificial intelligence use in coursework: a brief research report that transforms AI use from a hidden practice into a site for metacognitive development and ethical deliberation. Her qualitative analysis reveals students deploy AI primarily for verification, immediate academic support, procrastination management, and overcoming material obstacles, suggesting instrumental rather than collaborative engagement patterns. The disclosure mechanism itself functions pedagogically, fostering transparency and self-regulation while exposing the gap between institutional policies and actual student practices. Almufarreh et al. document the scale of this challenge through mixed-methods research in Ethical implications of ChatGPT and other large language models in academia, which confirms widespread LLM adoption and deep stakeholder concerns about plagiarism, bias, and the erosion of authenticity. Their proposed interventions encompass transparent usage policies, integrated LLM literacy training, institutional review frameworks, and ongoing stakeholder dialogue; however, these recommendations rest on assumptions about institutional capacity and willingness to engage with complex ethical terrain. Both studies highlight how AI integration forces confrontation with longstanding questions about knowledge production, intellectual property, and academic integrity in today's context (Eke, 2023), as well as the purposes of academic assessment that extend well beyond technological considerations. In what ways will educators rethink and adjust their practices to address the underlying issues related to trust (e.g., the ability to trust oneself, trust one another, and the technology), a necessary element in the relational work of teaching and learning?

Faculty Perspectives and Professional Development: Faculty engagement with generative AI reveals a troubling disconnect between the recognition of potential benefits and actual implementation, suggesting barriers that extend beyond technical knowledge to encompass pedagogical uncertainty and institutional responsibility for professional development. Almisad and Aleidan document moderate awareness levels among Kuwaiti faculty in Faculty perspectives on generative artificial intelligence: insights into awareness, benefits, concerns, and uses, coupled with strong perceptions of GenAI's capacity to reduce administrative burdens, support research activities, and enhance online learning environments. Yet utilization rates fall substantially short of both awareness and perceived benefits, indicating that knowledge alone is insufficient for technology adoption. Faculty concerns center on threats to academic integrity, risks of plagiarism, and dangers of over-reliance, reflecting legitimate anxieties about AI's potential to undermine core educational values. The identification of gender-based differences in awareness, perception, and utilization patterns, absent rank-based variations, suggests that sociocultural dimensions shape technology adoption, a phenomenon that institutional policies typically overlook. Professional development initiatives must therefore address not merely technical competencies but the deeper pedagogical and ethical questions that determine whether faculty perceive AI as compatible with their educational commitments and professional identities, since this institutional context also affects students' technological engagement, as Prohorovs et al. explore in Understanding Higher Education Students' Reluctance to Adopt GenAI in Learning in Latvia and Ukraine. Further, what are the best approaches to having faculty explore using AI to assist and enhance their own learning? What are the policies that can help guide responsible AI use for faculty and students?

Collectively, the contributions bring into focus that technical implementation questions inevitably cascade into epistemological, ethical, and political territories that no single discipline can adequately address. The contributing authors represent institutions in 17 countries worldwide: South Africa, Kazakhstan, the United Kingdom, the United States, China, Germany, Norway, Ireland, Saudi Arabia, Pakistan, Cyprus, Malaysia, Israel, Indonesia, Kuwait, Nepal, and India. Their diverse locations illustrate how questions of agency, governance, ethics, and human learning are unfolding in distinct cultural and institutional settings yet remain connected through shared concerns about the role of AI in shaping social and organizational life. As Cowin observes, “We are not just retooling old systems with new technology. We are reimagining what it means to learn, to teach, and to be human in a digital age” (Cowin, 2025).

The researchers in this issue explored AI as a phenomenon that extends beyond the boundaries of a discrete technological intervention. AI operates not only as an institutional force that reorganizes authority, reshapes professional roles, redistributes cognitive labor, and reframes core educational purposes, but also as a catalyst for a wider reordering of the assumptions that structure contemporary systems of learning, work, and organizational life. Choices related to governance, assessment, and pedagogy intersect with shifts in workforce expectations and business practices, revealing how AI reshapes the relationships among knowledge, expertise, institutional power, and economic activity. In this sense, AI functions as an ecosystemic agent whose influence becomes fully intelligible only through relational and interconnected analysis, and whose effects contribute to the emerging configuration of global education, labor, and business landscapes. “The integration of AI in education is not a static process but a dynamic one that will continue to require improvisation, adaptation, and flexibility” (Dacey et al., 2025, p. 69). While the articles primarily focus on formal educational environments, the issues that emerge resonate with transformations occurring in contemporary business ecosystems. The tensions surrounding privacy rights, automation, expertise, data governance, and algorithmic accountability mirror challenges faced by organizations that integrate AI into managerial, operational, and decision-making processes. By foregrounding these parallels, the Research Topic situates educational institutions within a broader socio-technical landscape in which education and business confront comparable questions of agency, ethics, and value creation. This alignment clarifies why insights from both domains must be considered jointly when evaluating the societal implications of AI.


Conclusions

The contributions curated in this Research Topic resist the techno-solutionist narrative that frames AI as a neutral efficiency tool requiring only proper deployment. Instead, they capture tensions between automation and augmentation, between administrative rationalization and pedagogical transformation, and between predictive precision and educational equity. These tensions operate simultaneously across institutional, instructional, and individual levels, calling for analytical frameworks that draw on computer science, learning sciences, ethics, policy studies, and critical pedagogy.

The authors invite readers to continue building collaborative and integrative approaches that match the scale and complexity of AI's global impact. We can benefit from reconsidering our teaching methods and comparing the ethical challenges of AI in business education, as well as how AI can be effectively incorporated to help prepare workforce-ready graduates. The effects of using artificial intelligence in education are just beginning to be measured, and its use will likely have ripple effects for years to come (Dacey et al., 2023). As we look toward the horizon, we see the need for more flexible, decentralized, and inclusive governance and educational structures, much like a forest of diverse species adapting to changing conditions within a vibrant ecosystem (Dacey et al., 2025, p. 70). Throughout the production process of this Research Topic, we remained mindful that “companies like OpenAI stand at the forefront, pushing the boundaries of what generative pre-trained transformers or ‘GPTs' can achieve. However, beneath this veneer of progress lies a complex web of epistemological and pedagogical quandaries that question the very foundation of AI's trajectory in education” (Cowin, 2024). We invite continued dialogue on these fundamental questions as the field evolves.
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This study examines the prediction accuracy of ensemble machine learning models by comparing local and global precision, recall, and accuracy for multiclass grading of engineering students. It also investigates the performance of various machine learning models in predicting the multiclass grading outcomes for these students. The primary goal is to address challenges in multiclass data preparation and evaluate the best machine learning models using both micro and macro accuracy metrics derived from baseline comparisons. The results highlight a significant comparative analysis of prediction accuracy across different algorithms, emphasizing the importance of employing multiple receiver operating characteristic curves, areas under the curves, and a one-vs-rest classification approach when target features are represented as letter grades. The algorithms examined include decision trees, K-nearest neighbors, random forests, support vector machines, XGBoost, gradient boosting, and bagging. Gradient boosting achieves the highest global accuracy for macro predictions at 67%. It is followed by random forests at 64%, bagging at 65%, K-nearest neighbors at 60%, XGBoost at 60%, decision trees at 55%, and support vector machines at 59%. When considering micro prediction accuracy at the individual student level, support vector machines, random forests, and XGBoost closely align with true student grades, with accuracies of 19, 22, and 33%, respectively, at baseline. Notably, these models accurately predict the C grade with 97% precision, whereas predicting the A grade proves more challenging, with an accuracy of only 66%. These findings are further corroborated by precision-recall error plots. The grid search for random forest algorithms achieved a score of 79% when optimally tuned; however, the training accuracy was 99%. The results have implications for both students and educational institutions, helping identify areas for improvement and recognizing high achievers, which ultimately contributes to enhanced academic outcomes for engineering students.

Keywords
 random forest; ensemble model; data analysis; receiver operating characteristic; grade point average


1 Introduction

This study discusses the importance of university education for young people and its role in national development. AI is revolutionizing pedagogy by enhancing personalized learning experiences and utilizing advanced machine learning technologies, directly addressing modern human requirements. The final grades of students are based on their previous grades and internal assessments; therefore, it is essential to examine their academic background information to predict their final grades accurately. The research focuses on the engineering students of Pokhara University at the constituent college and explores the internal and final evaluations of student grade performance using ensemble machine learning for multi-grade prediction. The study used primary data from five engineering courses, including high school education, parent education, and whether the school is private or government-run, along with independent internal evaluations targeting GPA and previous grades from all educational institutions, both public and private, to predict student grades using machine learning data from three multi-stage sampling methods.

Studies suggest that machine learning can predict student grades, but educational leaders can prevent biases by establishing ethical guidelines, ensuring diverse data, conducting bias audits, fostering AI literacy, advocating for regulatory policies, and ensuring fair AI decision-making. The researcher Deo et al. (2020) achieved a prediction accuracy of 74% using a random forest for mathematics students at an Australian regional university. Meanwhile, Alangari and Alturki (2020) employed linear regression and matrix factorization combined with fuzzy logic to predict multi-class grades, achieving the same 74% accuracy with random forest and an R2 value between 0.41 and 0.44. Cui et al. (2020) developed a student learning management system for undergraduate engineering students at a Canadian university and found that students who scored more than 70% in previous records were more likely to fail the final exam of the next semester. Therefore, the variation among models and the recommendation of the best model and optimal hyperparameters need to be analyzed by comparing the area under the curve, feature importance, and the grading of previous diplomas. It emphasizes businesses combating AI marketing deception by adhering to ethical guidelines, data organization, transparency, and regulations while addressing concerns such as monopolization, data privacy, biased curricula, and reduced competition. The study is cautious about the effectiveness of student grade prediction based on macro and micro accuracy, particularly in the context of hybrid architecture.



2 Related works

The evaluation of modern letter grading is significant for several reasons: it ensures fairness and transparency by reflecting a student’s true performance while fostering consistency in assessments. It helps educators identify student strengths and weaknesses, enabling more targeted teaching strategies. Letter grading serves as a standardized measure of achievement, indicating a student’s potential for academic and professional success. However, it raises ethical concerns about AI in business education, such as excessive automation, biases, data privacy, and academic dishonesty. To address these issues, educational institutions should integrate AI ethics into curricula, promote responsible AI usage, and cultivate ethical business leaders through critical discussions and literacy. Additionally, it provides valuable data for informed decision-making regarding academic progression, curriculum changes, or interventions for at-risk students.

As educational systems evolve, evaluating letter grading helps assess the effectiveness of new grading methods and their alignment with modern learning objectives and tools. Wang (2024) applied a hybrid optimization method to different sets to identify factors influencing education. Regression neural network models were employed to categorize grades and integrate these optimal factors, allowing for an assessment of the performance of the proposed optimization process that achieved an impressive accuracy of 99%, demonstrating its significant impact on individual education (Sixhaxa et al., 2022). Wang (2024) evaluated three methods for binary and multiclass classification by calculating the Shapley value after using metaheuristic optimization techniques using ensemble machine learning models to handle dropout students. Goran et al. (2024) employed the relief algorithm procedure of higher education to determine student dropout and academic success utilizing naïve Bayes algorithms; however, model accuracy was not compared, respectively. Kamal et al. (2022) and Keser and Aghalarova (2022) used linear regression, decision trees, and random forest to predict Moroccan students’ grades during the COVID-19 pandemic and found that random forest was the best-performing model (Arizmendi et al., 2022). Albreiki et al. (2021) achieved 97% accuracy using an ensemble model with 450 students’ samples and 10-fold cross-validation using random forest. Similarly, Alsariera et al. (2022) scored 78% accuracy with multidimensional features of student grade performance, while Bujang et al. (2021) proposed an expandable AI model to interpolate local and global scores with up to 90% accuracy using deep learning on online student datasets. Finally, Tarik et al. (2021) achieved 93% accuracy using random forest and 79% accuracy using k-nearest neighbors with student records from the Jourdan Faculty of Medicine and Pharmacy students. In a study conducted by Subahi et al. (2022) and Gamie et al. (2019), a neural network model was used to predict student scores of 1,307 undergraduate students across 137 courses, achieving an 85% accuracy rate. The authors identified course selection and failure management as important factors for both the organization and students (Adnan et al., 2022) also conducted research using logistic and naïve Bayes models for mathematics on an imbalanced dataset, achieving a 96.6% accuracy rate using support vector machine from ensemble learning, random forest, and data mining. Similarly, Alnwairan et al. (2022) used a convolutional neural network for e-learning on a massive open online course for Java, achieving an accuracy rate of 97% and a specificity score of 92%. Zhang et al. (2021) conducted research on 1,074 student records with 34 ordinal variables, using the RF model to predict grades, with an accuracy rate of 85 to 83%. Hasib et al. (2022) conducted research on 4,034 international students, using random forest (100%), decision trees (94%), and support vector machine (100%) to identify performance, including mother and father education, average incomes, and previous diploma grades. Alshmrany (2022) used a naïve Bayes algorithm on a dataset of 399 students to achieve a 72% accuracy rate. Badal and Sungkur (2023) found that the number of students whose grades declined due to their final exam performance was higher than those who improved. They used random forest methodology for both classification and regression to manage data with a 99% accuracy rate on both the test and training datasets. Features such as medium of instruction, time management, marks obtained in secondary education, parents’ education, living area, and type of school were found to be the strongest indicators for student prediction in both 12th and bachelor grades of engineering. Matar et al. (2022) studied Spanish students (n = 60) who were both asylum seekers and university students, finding that 18% declared having a university degree in communication subjects. Huynh-Cam et al. (2022) conducted research on 145 universities offering massive online courses for entrepreneur development, focusing on teaching and research quality. Motaung et al. (2022) conducted a thematic analysis of 145 student questionnaires during the COVID-19 pandemic, finding that online video conferences were important for synchronous learning. Similarly, Hita and Bermejo (2021) used a random forest model on a dataset of 1854 Turkish university students from 2019 to 2020, achieving a 70–75% accuracy rate and a confusion matrix that scored 64% for students who failed and 83% for those who scored above 77%. Finally, Guerrero et al. (2021) used demographic characteristics of variables to predict student study, achieving an accuracy rate of 75% using random forest and 50% using the Gaussian naïve algorithm. Yeung and Yau (2022) utilizing a hybrid ensemble of LightGBM and gradient boosting models was proposed, achieving an accuracy score of 96%, while a 91% accuracy was achieved in predicting mathematics course outcomes. Similarly, Yağcı (2022) conducted research on 244 upper-secondary level students in Thailand, using the XGBoosting algorithm and the gradient boosting algorithm. The cross-validation results showed that the XGBoosting algorithm performed the best. Based on the above literature, it is essential to analyze student information, including their internal marks and background information, to predict their future grades based on multi-class in the Bachelor of Engineering at a constituent college (Nuankaew and Nuankaew, 2022). AI is revolutionizing education by personalizing experiences, enhancing accessibility, and providing interactive learning. However, it may reduce hands-on experiences and problem-solving skills. Educational governance must establish ethical AI policies, comparing micro and macro accuracy across various tuning configurations to recommend the best-performing model after evaluating different recommender model outputs.



3 Data preprocessing

Data preprocessing is a crucial step in data management that involves reorganizing and preparing research data into an understandable format. The student’s primary and secondary data scores, parent education levels, and high school information were collected through a questionnaire survey and may be incomplete, inconsistent, or poorly managed regarding their values and attributes. Before deploying the model with training and testing datasets, data were aggregated, outliers were eliminated, and missing values were sometimes removed. This research included data preparation for feature engineering and target feature scatter plots to determine linear and non-linear relationships among variables. In this research, data preparation was conducted as follows:

After the data collection preprocessing, it is necessary to load the data into the Jupyter console and preprocess it. For numerical student records, median value imputation is applied along with the standard scaler. Categorical features, such as parent education and high school, are one-hot encoded using the chi-squared imputer. The target columns, which contain categorical student grades, are converted to a label-binarized format with university grades defined as classes = [‘A,’ ‘A-,’ ‘B,’ ‘B+,’ ‘B-,’ ‘C,’ ‘C+,’ ‘C-’]. Then, the data is combined with the axis set to True to create the research database. Since the student records contain numerical values with different scales uniformly distributed from −1 to 1, the data needs to be scaled for faster execution times during machine learning training and validation. The standard scaler object is used to fit and transform the data, and the target column is dropped. Finally, the data is concatenated and merged to construct the data table. The data pipeline was implemented as shown in Figure 1.

[image: Flowchart illustrating the pre-processing of research data, starting with pre-processing, followed by three branches: standard scaler and median imputer, Chi2 imputer categorical one-hot encoder, and target label binarization. These outputs merge alongside the target feature.]

FIGURE 1
 Data preparation flow diagram.


In machine learning, it is essential to distinguish between dependent and independent variables. The independent variables, denoted by x, are used to predict the dependent variable, denoted by y. The data is split into training and testing sets using an 80:20 ratio, and a random state of zero is used to ensure consistent results across multiple executions. Histogram plots are used to analyze the distribution of the student sample data sets for exploratory data analysis (Figure 2).

[image: Six grouped bar charts display score distributions for SLC Math, Plus Math, Physics, Chemistry, Pf, and Bio subjects. Most charts show scores ranging from approximately fifty to eighty, with frequency counts up to about one hundred fifty.]

FIGURE 2
 Histogram of student datasets.


After one-hot encoding of the categorical variables and binarizing the target variables, the resulting feature values were normalized. Duplicate columns were removed and replaced with new column names. The resulting data was then organized into a data frame. Density distribution plots were generated for each subset of data based on target values to indicate whether students received letter grades. Standard deviation sets were also calculated for independent samples.

Figure 3 shows the density plots based on target values, highlighting a significant imbalance in the variation of student grade target features.

[image: Grouped density plots display exam scores for six subjects: SLC, Plus, Physics, Math, Chemistry, and Bio. Each subject panel contains multiple colored density curves representing different distributions of scores, with density on the y-axis and scores on the x-axis.]

FIGURE 3
 Density line graphs.


Figure 4 shows the classification of eight multiclass categories of student grades based on their input scores. The second heatmap (Figure 5) displays the correlation between input features and target variables associated with grades. There are 14 features, each contributing to the grades with varying degrees of significance. This indicates the need for further analysis using machine learning models. AI simulations across various disciplines provide interactive, immersive experiences that promote gamification, motivation, collaboration, and critical thinking while maintaining academic rigor. The integration of AI systems, human actors, and learning environments in education has evolved dramatically, requiring thorough analysis using diverse theoretical frameworks.

[image: Scatter plot displaying student grades classified by color-coded categories: A, A minus, B plus, B, B minus, C plus, and C minus. Data points are widely distributed, indicating a variety of results across grades.]

FIGURE 4
 Grade distribution.


[image: Heatmap visualizing the correlation matrix of academic subjects including SLC, Plus, Physics, Bio, Chemistry, GPAM, and Math, where darker colors indicate lower correlations and lighter colors represent higher correlations. Correlation values are displayed within each cell and range from 0.024 to 1.0. A horizontal color scale on the right shows the strength of correlations from negative one to positive one.]

FIGURE 5
 Correlation plot.




4 Materials and methods

In this study, the research database was divided into two parts. The first part included background information about 580 engineering students, both successful and unsuccessful, from the Bachelor’s programs in Civil, Electrical, Computer, and Software Engineering gathered through primary data collection. The final grades of each student were obtained from the examination office of Pokhara University in the 2023 final university results. For ethical reasons, student names, roll numbers, and registration details were omitted from the analysis. Only students who successfully completed their university were analyzed, and their grades were classified using multiple grading classifications. The second part of the database included the respective internal marks collected from the school, organized in row-wise data preparation using the VLOOKUP function in Excel. The null and alternative hypothesis statements assess the differences or effects occurring in the population. Modern science and engineering education must be analyzed and predicted based on previous diplomas to benefit both institutions and individuals. Therefore, to develop the most accurate model from the research data for predicting multi-class grades, the following model development process was followed.

After loading relevant libraries, such as make_classification, decision tree, AUC/ROC curve label binarization, and one-vs-rest classifiers, the machine learning model was trained using one-vs-rest classifiers and fitted with training data splits. The model was then tested in a for loop, predicting probabilities alongside the test scores.

The ROC curve for each class showed the false positive and true positive rates for both the test and predicted scores. Similarly, the macro and micro averages for each model were calculated after determining the function of each output score. The AUC, a scalar evaluation metric ranging from 0 to 1, was used to measure true positive and false positive values. The prediction-recall curve demonstrated that high recall predicts fewer positives with greater accuracy, whereas high recall predicts many positives but also increases false positives. Therefore, achieving a balanced model fit is essential, as reflected in the confusion matrix. Consequently, the model comparison and evaluation process in this research followed the architecture presented in Figure 6, after data preprocessing.

[image: Flowchart outlining a machine learning pipeline with stages: database, exploratory data analysis (EDA), data splitting into train and testing sets, model training with classifiers (SVM, RF, DT/KNN, Bagging/Boosting), Shap analysis, performance analysis using F1 score and confusion matrix, and generation of recommendations.]

FIGURE 6
 Model comparison process.


The baseline values, without any feature treatment from the architecture, are presented in Figure 7, with the summary accuracy displayed in Figure 8. The AUC curve indicates that decision tree classifiers achieved 55%, random forest classifiers 64%, support vector machines 59%, AdaBoosting 57%, XGBoosting 60%, logistic regression 65%, and bagging classifiers also scored 65%. The area under the curve for multiclass classification of student grades was best predicted by the random forest, logistic, and gradient algorithms, which outperformed the decision tree and XGBoost algorithms. This was further assessed using multiple model heat maps alongside accuracy, precision, and recall plots. Cohen’s kappa and Mathew’s coefficient indicated the lowest global accuracy in multi-class grade prediction when the false positive-to-negative ratio was considered under worst conditions (Table 1).

[image: Line graph displaying receiver operating characteristic (ROC) curves for nine machine learning classifiers, each labeled with area under curve (AUC) values ranging from zero point five five to zero point six seven, with true positive rate on the y-axis and false positive rate on the x-axis. The legend differentiates each classifier by color.]

FIGURE 7
 Ensemble AUC curve.


[image: Heatmap graphic comparing eight classifiers—KNN, Random Forest, LOGREG, SVM, Naive Bayes, XGBoost, Extra Trees, and Adaboost—across six performance metrics: accuracy, precision, recall, F1score, Cohen kappa-score, and Matthews coefficient, with values indicated by color intensity and numeric labels.]

FIGURE 8
 Ensemble heat map of precision recall.




TABLE 1 Before and after datasets.
[image: Table comparing SLC, PCL, and Parent educational levels with associated values. Each row lists scores for SLC and PCL, the parent's qualification, and corresponding values for SLC, PCL, Master, Plus, Two, and PhD columns.]


4.1 Support vector machine

Support vector machines used a multidimensional hyperplane after optimizing each student’s grade classification via quadratic methods to separate multiclass student grade categorizations. The hyperparameter “c” regularizes the trade-off between classification error and the kernel, which indicates higher-dimensional linear relationships among them. A support vector machine with the kernel set to linear, probability set to true, and a random state of 0 was used to classify the multiclass feature grades: A (55), A- (63), B+ (34), B (64), B- (50), C+ (43), C (46), and C- (71), respectively. Similarly, global dependency accuracy scores increased by 62%. When the Keras model was adjusted to polynomial, its accuracy score reached 22.4% in local accuracy across multiple grades, improving by 29% as the overall global accuracy of the support vector machine increased.

Based on Table 2 and the micro-AUC-ROC curve, which presents macro and micro accuracy scores, we can conclude that there is a difference in internal accuracy scores and global variation across multiple scored features.



TABLE 2 Score for accuracy.
[image: Data table showing grade categories in the first column and corresponding Precision, Recall, and F1 score values in the next three columns. Macro average scores are Precision twenty-nine, Recall twenty, and F1 score nineteen.]



4.2 Random forest model

By randomly selecting subsets through column and row sampling, the random forest model aggregates data from multiple trees to classify multiclass student grades. The decision tree recursively splits the data until the final node in order to prevent overfitting. Using one-vs.-rest classifiers, the random forest model with default settings predicts multiclass student grades as follows: A (63), A- (64), B+ (59), B (59), B- (50), C+ (71), C (52), C- (59). Among these grades, B- exhibits the least accuracy, while C+ predicts the highest internal accuracy. Furthermore, the global ROC score of 64% indicates that the model performs averagely, accurately predicting over 64 true positives and true negatives (Figure 9).

[image: Multicolored line graph showing a receiver operating characteristic (ROC) curve for multiple classes, each with a corresponding area under the curve (AUC) value. True positive rate is plotted against false positive rate. Black dashed diagonal line represents chance performance. A legend identifies classes A, A-, B, B+, B-, C, C+, C-, and a micro-average with AUC values ranging from zero point three four to zero point seven one.]

FIGURE 9
 SVM ROC curve.


The overall model performance for local classification was found to be unsatisfactory, as indicated by a balanced accuracy score of only 0.22. Gradient Boosting, on the other hand, is an algorithm that uses sequential predictions from weak models to enhance output, optimizing errors from each weak model to the next through gradient descent. This model assumes that all input features have non-linear relationships with one another to facilitate multiclass classification tasks. The model scored A (64), A- (71), B (56), B+ (56), B- (55), C (43), C+ (76), and C- (56), as illustrated in Table 3. Among these grades, C had the lowest accuracy, while C+ exhibited the highest accuracy within the local association. The macro average global accuracy was 66. The balanced accuracy score for each grade’s prediction was 20%, as shown in Figure 10.



TABLE 3 Accuracy score.
[image: Table displaying grades mapped to precision, recall, and F1 score. Grades A and B score similarly high, while B-, C, and C- rows have zeros. Macro average values are nineteen for precision, twenty-two for recall, and seventeen for F1 score.]

[image: ROC curve line graph compares true positive rate to false positive rate across multiple classes, showing different colored lines for each class with areas under the curve ranging from zero point five zero to zero point seven one, and a micro-average curve area of zero point six.]

FIGURE 10
 Random forest ROC curve.




4.3 Gradient boosting

The gradient boosting algorithm improved the output by following sequential predictions from weak models. The gradient descent optimization errors from each weak model are passed to the next model. However, this model presumed that all input features interacted as non-linearities with one another to create the best model. The student grade multi-classification received scores of A (64), A- (71), B (56), B+ (56), B- (55), C (43), C+ (76), and C- (56), as shown in Table 4. Grade C represents the lowest score, while C+ shows the highest accuracy when considering local association and macro average global accuracy, with a total of 66 global scores. Similarly, the balanced accuracy was 20% for each grade’s prediction, as demonstrated in the ROC curve in Figure 11.



TABLE 4 Accuracy score.
[image: Data table showing grades versus Precision, Recall, and F1 score. A, A-, and C+ have highest Precision scores; B+ has highest Recall. Entries B-, C, and their averages show zero in all metrics. Macro averages: Precision nineteen, Recall eighteen, F1 score twenty.]

[image: ROC curve line graph compares the true positive rate to the false positive rate for multiple classes, each shown in different colors, with areas under the curve ranging from 0.43 to 0.76 and a micro-average ROC curve with area 0.66.]

FIGURE 11
 Gradient boosting ROC curve.




4.4 Extreme gradient boosting

The XGBoost algorithm uses various optimization techniques, including L1 and L2 regularization and pruning, to eliminate unnecessary branching while enhancing accuracy and mitigating overfitting. It utilizes k-fold cross-validation to obtain the most accurate predictions. After applying multiclass classification with the one vs. rest model, the following scores were achieved: A (61), A- (65), B (54), B+ (57), B- (52), C (48), C+ (74), and C- (61). The C+ grade was predicted with the highest accuracy, while the B grades were the least accurate. The balanced accuracy score for this model was 35% for global macro accuracy (Figures 12, 13).

[image: Receiver operating characteristic (ROC) curve chart compares true positive rate versus false positive rate for multiple classes, with individual colored lines and corresponding area under curve values noted in the legend.]

FIGURE 12
 XGBoosting ROC curve.


[image: Line chart showing ROC curves for multiple classes labeled A, A-, B, B+, B-, C, C+, and C- with corresponding area under curve values ranging from zero point four one to zero point seven nine. A micro-average ROC curve is also plotted with an area of zero point six six. X-axis represents false positive rate and Y-axis represents true positive rate. Legend on the right maps colors and styles to each class.]

FIGURE 13
 Bagging ROC curve.




4.5 Bagging algorithm

The bagging algorithm initially selects a random subset of the data, enabling it to achieve the highest accuracy score by using majority voting for prediction. The decision tree algorithm is then used to create multiple predictors each time. The receiver operating characteristic curve can be used to classify the multiclass student score problem, predicting scores of A (58), A- (66), B (56), B+ (59), B- (49), C+ (79), and C (55). Grade C has the least accurate prediction, while C+ has the most accurate prediction among the local predictions. The macro average achieved a 66% accuracy.

The RandomForestClassifier algorithm was used to predict multiclass grades, with estimators =100, max_depth = 10, min samples split = 10, criterion = entropy, and random state = 42. The model’s local and global accuracy scores were calculated separately, and it is recommended for multiclass grade prediction.

The multiclass classification of students’ various grades, when combined with internal true positive and false positive, predicts less accurately than false vegetative grades. However, the precision-recall and F1 scores were measured more accurately at 33% locally when the macro average used the C student grade to predict 97%, and the least A grade scored 66%, which is the best model. Similarly, when macro-averaged with global precision, accuracy is up to 33% without any errors. This model finally predicts correct predictions overall: 14 out of 73 predictions were scored correctly. The local accuracy is 0.19. Accuracy is similar per class with and without true negative concern; the sensitivity = TP/ (TP + FN) calculated globally, with TNs: 0.79% on average. The specificity = TN/ (TN + FP) global accuracy without TNs: 0.19% and global accuracy becomes 97% (Tables 5–7).



TABLE 5 Accuracy score.
[image: Table displaying grades from A to C-, with columns for Precision, Recall, and F1 score. Macro Average values are 35 for Precision, 25 for Recall, and 20 for F1 score. Some grades have zeros.]



TABLE 6 Accuracy score.
[image: Table displaying evaluation metrics for letter grades. Columns list precision, recall, and F1 score values by grade: A, A-, B, B+, B-, C, C+, C-, plus macro average. Macro average metrics are thirty precision, twenty-two recall, and eighteen F1 score.]



TABLE 7 Accuracy score.
[image: Table with two sections presenting classification performance by grade. The first section lists grade, true positives, false positives, false negatives, precision, recall, and F1 score, including micro-averages. The second section compares true negatives included or excluded for each grade.]

The error bar diagram for multiclass classification predictions using the random forest, support vector, and extra tree algorithms is shown in Figure 14. The random forest and extra tree models had classification errors in all categories, while the support vector machine had no errors in grades C and C+. The grades A and A- exhibited the highest similarity among the other grades. This indicates that the classification of student grades varied significantly across different grade levels.

[image: Three bar charts compare class prediction errors for RandomForestClassifier, SVC, and ExtraTreesClassifier. Each chart shows counts of predicted grades for each actual grade, with color-coded categories A through C-. The charts visualize model misclassifications.]

FIGURE 14
 Accuracy error bar plots.


The random forest, bagging, decision tree, and gradient boosting models achieved 100% training accuracy, indicating overfitting, while their testing accuracy was lower, as illustrated in Table 8. In terms of execution time, the decision tree algorithm performed significantly faster, taking only 0.46 s compared to the K-Nearest Neighbors model, taking 1.56 s. Both were much quicker than the ensemble algorithms.



TABLE 8 Train test and execution time of each model.
[image: Table comparing seven machine learning models by train accuracy, test accuracy, standard deviations, and execution time. Random forest, bagging, decision tree, and XGBoosting achieve perfect train accuracy, with gradient boosting slightly lower at ninety-nine. Support vector and K nearest have lower train accuracy. Test accuracy is highest for random forest and bagging at fifty-one. Gradient boosting, support vector, and XGBoosting achieve forty-nine, K nearest forty-six, and decision tree forty. Execution time varies, with decision tree fastest at zero point forty-six and gradient boosting slowest at fifty-eight point zero three seconds.]

Similarly, when the target feature is simplified to only two categories—success or failure—the GridSearchCV tested and recommended the best parameter grid. For AUC, the optimal minimum sample split was found to be 2, achieving a score of 80%. This model was well-tuned, although the training accuracy reached 89%. In terms of evaluation, the model also showed strong performance across recall, precision, and accuracy metrics. The feature importance plot above, as shown in Figure 15, indicates that high school scores in English, Math, and Physics were not found to be significant. However, the bachelor’s degree English score had the highest importance, while the high school percentage score ranked as the fourth most significant feature.

[image: Line graph (panel a) shows AUC and accuracy for train and test sets against minimum sample split, highlighting best values at 142 for AUC (0.79) and 182 for accuracy (0.77). Bar chart (panel b) displays mean decrease in impurity for various subject features, with Eng1 having the highest importance and error bars indicating variability.]

FIGURE 15
 Accuracy summary (a) and feature importance (b).


The above feature importance signifies that the English score had the most significant impact, which could be proved using decision tree algorithms as the central node from where trees grow for classification, as illustrated in Figure 16. Math2 is on the right side, and physics and chemistry are on the left side of the trees. After encoding the target feature label, the XGB regressor with 100 iterations was estimated using the tree explainer of its model. The plot revealed that the “English1” feature had the highest importance, with waterfall SHAP values explaining 64% of the target GPA. In comparison, “English” accounted for 89%, “Math2” contributed 83%, and “Mixed Subjects” explained 67%. On the other hand, “Chemistry” showed a negative contribution of −13%, and “High School Grades” had the lowest impact at −29% when predicting bachelor letter grading in Figure 17.

[image: Decision tree diagram illustrating classification steps for different classes based on various academic features, positioned above a bar chart showing the SHAP values for feature importance, with Eng1 and Math2 having the highest positive impact.]

FIGURE 16
 Decision tree and shape score feature importance.


[image: Waterfall graphic showing feature contributions to two predicted values. Pink bars indicate features increasing the prediction, labeled with values for Chemistry, Physics, Mixed, Plus_Two, Che_Eco, SLC, and Eng1 or Eng. Blue bars show Math2 and Phy_Acc decreasing the prediction. Base values and resulting predictions are 0.85 for the first row and 6.18 for the second row. Higher and lower contributions are denoted above each plot.]

FIGURE 17
 Shape feature importance of each score.





5 Conclusion

AI is revolutionizing the prediction of student letter grades by analyzing vast amounts of data, predicting grades with high accuracy, and identifying patterns. This data-driven approach reduces bias and human error while providing real-time feedback to students. AI also offers personalized insights, guiding students on areas for improvement. It benefits both students and educators by providing early warnings, identifying at-risk students, and adjusting curricula, leading to more effective educational strategies and consistent, equitable grading across large student groups. In conclusion, this research focuses on predicting multiclass outcomes using precision, recall, and F1 scores, with AUC/ROC curves employed to assess global accuracy related to student grades. Although the accuracy of machine learning models largely depends on training data, the sample distribution and target features exhibit polymorphic heterogeneity. To address overfitting and underfitting, model tuning should be guided by comprehensive comparisons, considering not only accuracy but also the local and global influence on the target feature. Further analysis of the accuracy of the single baseline model is required, taking into account both local and global accuracy to determine the best-performing model. Additionally, train-test accuracy and execution time are crucial factors in evaluating model performance. The study found that gradient boosting, random forest, and bagging algorithms outperformed KNN and Bayesian models for multiclass grade prediction. Among the evaluated models, gradient boosting achieved the highest macro prediction accuracy at 67%, followed by random forest (64%), bagging (65%), K-nearest neighbors (60%), XGBoost (60%), decision tree (55%), and support vector machines (59%). At the individual student level, support vector machines, random forests, and XGBoost provided the closest alignment with actual grades. Notably, these models successfully predicted the C grade with 97% accuracy, while predicting an A grade proved more challenging, with an accuracy of only 66%. The ROC plots indicated that support vector machines performed best with one- vs- rest classification. Additionally, while C and C + grades were accurately classified without errors, both random forest and XGBoost models showed significant overlap in predicting different grade classifications. The XGB regressor, when evaluated using SHAP values, indicated that features such as diplomas had a higher importance score, with English and Math contributing over 89%. Based on these findings, this research suggests further exploration of hyperparameter tuning, particularly comparing the CAT Boost and LightGBM algorithms for predicting multi-level student grades.
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Introduction: Artificial intelligence (AI) has reshaped STEM education by influencing instructional design, learner agency, and ethical frameworks. However, the integration of AI into educational ecosystems raises critical questions regarding pedagogical coherence, assessment reform, and algorithmic ethics.
Methods: This study conducted a systematic review of 41 peer-reviewed publications to examine how AI has been integrated into STEM educational ecosystems. The review focused on peer-reviewed studies published between 2020 and 2025 that addressed AI applications in STEM education, transdisciplinary approaches to AI integration, and the ethical challenges inherent in AI-driven learning environments. A transdisciplinary communication (TDC) framework guided the synthesis of findings. The review followed PRISMA protocols for transparency and utilized Nvivo, Excel and VOSviewer to support thematic coding and bibliometric mapping.
Results: The analysis identified three emergent themes: (1) the evolving role of student agency in AI-enhanced learning, (2) shifts in assessment paradigms toward adaptive, AI mediated models, and (3) ethical tensions surrounding algorithmic transparency, equity, and automation in pedagogical design. Divergent disciplinary perspectives were noted, with some emphasizing efficiency and other prioritizing inclusive access and epistemic reflexivity.
Discussion: Drawing on the Universal Design for Learning (UDL) framework and trustworthy AI principles, this review offers a critical lens on inclusivity and design ethics in AI-mediated learning environments. The results offer a conceptual foundation and a set of actionable strategies for institutions, educators, and policymakers seeking to implement AI technologies in ways that are ethically sound, inclusive, and informed by epistemic plurality in STEM education.
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1 Introduction


1.1 Research topic and importance

Artificial intelligence (AI) fundamentally transforms STEM education by reshaping how students learn, educators teach, and institutions design curricula. AI-driven systems1—such as adaptive learning platforms, intelligent tutoring systems, and automated assessment tools—offer unprecedented opportunities to personalize instruction, boost student engagement, and narrow educational disparities. Nevertheless, the integration of AI also raises critical ethical concerns, including algorithmic inconsistencies, risks of deepening the digital divide, and the concentration of decision-making authority among a limited number of entities (Craig, 2023).

This paper adopts a transdisciplinary communication (TDC) framework (see Figure 1) to examine how AI can be harnessed to promote high-quality learning experiences that expand participation and align with Sustainable Development Goal 4 (SDG4) for broad access to education. In previous work, we have defined TDC as a process of iterative meaning-making and epistemic translation that enables multiple disciplinary actors—educators, technologists, ethicists, and policymakers—to co-construct shared language, goals, and frameworks for action (León, 2024; León et al., 2024; Lipuma and León, 2024b). This conceptualization builds upon Piaget’s constructivist epistemology (1972), the integrative logic of transdisciplinarity proposed by Nicolescu (2002, 2008), and our engagement with dialogical communication models advanced by Callaos (2022) and Callaos and León (2024). TDC provides a foundational mechanism for fostering convergence and co-governance in AI-integrated STEM education.

[image: Venn diagram with three intersecting circles labeled Cognitive Transformation, Ethical Agency, and Assessment Redesign, with the central intersection labeled TDC Framework to indicate integration of all three components.]

FIGURE 1
 The TDC lens in AI-driven STEM education. This conceptual model illustrates the role of the transdisciplinary communication (TDC) framework as a unifying meta-lens. TDC mediates across three thematic domains—cognitive transformation, assessment redesign, and ethical agency—identified in the systematic review. The framework fosters cross-stakeholder engagement, enabling integrative insights and actionable strategies at the intersection of pedagogy, technology, and policy.




1.2 Existing research on AI in STEM education

The scholarly inquiry into artificial intelligence (AI) in education is extensive, yet it remains notably fragmented across various disciplines. Research in computer science has primarily focused on technological advancements, including machine learning algorithms, natural language processing (NLP), and educational data analytics (Zawacki-Richter et al., 2020; Baker and Hawn, 2022; Doğan and Şahin, 2024). For instance, bibliometric analyses indicate a marked increase in publications from 2021 onward, with a focus on predictive analytics, adaptive learning, and generative feedback systems in higher education.

Educational researchers, meanwhile, have highlighted the pedagogical affordances of AI, particularly in enhancing student engagement, inquiry-based learning (IBL), and formative assessment. Studies emphasize that intelligent tutoring systems and AI-enhanced simulations provide personalized and interactive learning experiences (Chen et al., 2020; Holmes et al., 2019; Tilepbergenovna, 2024). These systems are particularly beneficial in STEM contexts, where conceptual abstraction and iterative problem-solving are central to learning efficacy.

From a normative perspective, scholars in philosophy, education policy, and cognitive science have examined the ethical implications of AI, addressing algorithmic bias, transparency, and equitable access. Recent edited volumes (Kumar et al., 2024) and case-based contributions (Singh and Thakur, 2024) argue for ethical guardrails, inclusive governance models, and the development of explainable AI (XAI) that supports trust and interpretability in educational decision-making (Adadi and Berrada, 2018; West et al., 2019).

Despite this progress, disciplinary siloing persists. Technical studies often exclude pedagogical theory, educational innovations overlook algorithmic limitations, and ethical discourses are rarely grounded in the realities of the classroom. This lack of integration constrains the development of inclusive and context-aware AI solutions. Addressing this fragmentation requires a transdisciplinary communication (TDC) framework—one that facilitates coordinated action among educators, technologists, ethicists, and policymakers (Lipuma and León, 2024a). This paper adopts such a framework to synthesize disparate insights and promote AI integration that is pedagogically sound, ethically responsible, and socially responsive.



1.3 Research gap and unresolved issues

Despite its promise, AI’s application in STEM education is hindered by unresolved issues that threaten broad and fair implementation. First, AI systems often reflect the patterns and distortions inherent in their training data, which can lead to algorithmic unfairness and uneven learning outcomes. Second, many AI applications are designed in isolation, lacking collaborative input from educators, ethicists, and policymakers, which results in platforms that fail to address the diverse cognitive, cultural, and social needs of all learners. Third, the centralization of AI development among a few large corporations raises concerns about power imbalances and the reinforcement of disciplinary silos. Addressing the existing gaps in “fairness, accountability, transparency, and ethics of AI-based interventions in society” (Prabhakaran et al., 2022) is critical to ensuring that AI functions as a force multiplier for innovation and as a catalyst for broadening access rather than reinforcing existing disparities.



1.4 How this paper addresses the problem

This paper leverages a transdisciplinary communication (TDC) framework to guide the responsible integration of AI in STEM education. The study employs constructivist grounded theory (CGT) to analyze current AI education models, ethical frameworks, and policy guidelines, fostering collaboration among educators, technologists, ethicists, and policymakers. The goal is to propose actionable strategies that promote inquiry-based learning, cognitive development, and accessibility, ensuring that AI is effective and fair. The discussion sections of this paper are structured as follows: the Background and Importance section outlines the evolution of AI in education and underscores the necessity for transdisciplinary collaboration; the Literature Review synthesizes current research and identifies key gaps; the Actionable Strategies for AI-Driven STEM Education section proposes practical frameworks to support inclusive and ethical AI integration; the Implications and Future Directions section discusses policy considerations and emerging research trajectories; and finally, the Conclusion offers closing insights and recommendations to foster engagement, innovation, and ethical practice in AI-powered STEM education.



1.5 Research design and PICOS framework

To ensure clarity and methodological rigor, this study employs a research design aligned with a modified PICOS framework—commonly used in systematic reviews—to define the scope and relevance of the inquiry. While this framework originates in health sciences, its adaptation here reflects the growing need for structured evidence synthesis in educational research, particularly in fields influenced by emerging technologies.


	• Population: The review focuses on students and educators operating within STEM education environments, especially those encountering generative AI tools as part of their academic or instructional experiences. Special consideration is given to populations navigating issues of access, digital literacy, and institutional policy shifts.

	• Intervention: The central intervention examined is the integration of generative AI tools—such as ChatGPT, Google Gemini, and domain-specific AI platforms—into teaching, learning, and assessment practices. These tools represent a transformative presence in the educational landscape, warranting scrutiny, and pedagogical innovation.

	• Comparison: While not always explicitly stated in the primary literature, traditional non-AI instructional approaches serve as the implicit comparator throughout the study. Contrasts are drawn between AI-mediated and conventional methods to highlight shifts in cognitive agency, authorship norms, and assessment integrity.

	• Outcomes: Key outcomes analyzed include the promotion of cognitive integrity (students’ ability to retain and demonstrate authentic intellectual labor), the maintenance of academic integrity in an AI-rich context, and the redesign of instructional and evaluative practices to reflect transparency, ethical reasoning, and reflective learning.

	• Study designs: The review incorporates peer-reviewed empirical studies, policy analyses, and systematic reviews published in the past decade. Studies were selected based on relevance to STEM education and AI integration, methodological transparency, and their contributions to theory, practice, or policy discourse.



This structured approach ensures that the evidence synthesized is not only comprehensive and thematically organized but also directly aligned with the broader goals of equitable, effective, and ethically grounded AI adoption in STEM education.




2 Background and importance

Integrating artificial intelligence (AI) into STEM education marks a transformative shift in pedagogical practice. AI-driven tools increasingly redefine instructional models by supporting personalization, formative assessment, and scalable delivery. These technologies respond to current demands for inquiry-based, interdisciplinary, and competency-driven learning (Frey, 2018, p. 1134). In this context, AI enhances problem-solving skills and computational thinking, fostering ethical decision-making among learners.

However, these innovations also surface critical challenges, including inequitable access, algorithmic opacity, and the over-centralization of AI design. These issues risk undermining the inclusive potential of educational AI. Addressing them requires a transdisciplinary approach that integrates educational, technological, cognitive, ethical, and policy perspectives. Persistent issues such as the digital divide, algorithmic inconsistencies, and the over-centralization of AI development can undermine the promise of expanded educational access. Addressing these concerns necessitates a transdisciplinary approach that unites perspectives from education, technology, cognitive sciences, ethics, and policy-making to ensure that AI systems are technologically sophisticated and socially responsible.

Understanding AI’s evolving role in STEM education involves examining three interrelated developments: (1) the historical trajectory of AI-based educational technologies, (2) the emergence of AI literacy as a core competency, and (3) the pedagogical transition toward AI-assisted inquiry-based learning (IBL). These shifts underscore the need for integrative frameworks that balance innovation with ethical oversight and broad accessibility. These dimensions provide critical insights into how AI has reshaped educational competencies, highlighting the need for frameworks that integrate ethical considerations and practices that promote broad access. The following subsections provide a more detailed examination of these dimensions.


2.1 Historical development and key AI-driven educational tools

The integration of artificial intelligence into education has evolved from foundational innovations in computer-assisted instruction to today’s highly adaptive, data-driven platforms. Early systems such as PLATO (1960s) and LOGO (1970s) introduced programmable logic and interactive learning environments, setting the stage for the incorporation of machine learning and natural language processing in contemporary applications (Bond et al., 2024). Modern AI tools—including adaptive learning systems like Knewton and Carnegie Learning and conversational agents such as IBM Watson and Google’s AI tutor—now offer dynamic personalization, formative assessment, and on-demand feedback (Dutta et al., 2024).

These advances mark a shift from static digital content to responsive educational ecosystems. However, as AI tools gain influence over instructional decisions, concerns about algorithmic bias, unequal access, and the transparency of learning analytics have intensified. The historical trajectory reveals not only technical progress but also the need for ethical frameworks that evolve in tandem with technological capabilities.



2.2 From learning literacy to digital literacy to AI literacy

The concept of literacy in education has undergone a fundamental transformation. Where once it referred primarily to reading, writing, and numeracy, digital technologies expanded this scope to include digital literacy—skills such as computational thinking, information evaluation, and media fluency. As artificial intelligence becomes a pervasive element in education, AI literacy emerges as a crucial competency. This entails not only the ability to use AI tools but also to interpret algorithmic outputs, recognize their limitations, and evaluate their social and ethical consequences.

Developing AI literacy2 requires a transdisciplinary approach that integrates perspectives from computer science, ethics, education, and the social sciences. Such integration fosters the capacity for students to engage critically and reflexively with AI systems, preparing them for both professional environments and participatory citizenship in AI-mediated societies.



2.3 The shift from teacher-centered to AI-assisted inquiry-based learning (IBL)

Traditional STEM education has often relied on teacher-centered methodologies, where content is delivered in a fixed, hierarchical format. While such approaches can be practical for foundational knowledge acquisition, they may constrain student engagement and limit opportunities for exploratory learning. The emergence of AI technologies has accelerated a pedagogical shift toward inquiry-based learning (IBL), emphasizing student agency, critical thinking, and problem-solving.

AI-driven platforms support this transition by offering real-time analytics, adaptive feedback, and personalized learning trajectories that align with individual learner needs. These tools also democratize access to high-quality STEM education by mitigating barriers related to geography and socioeconomic status. However, the deployment of AI-assisted IBL must be approached with critical attention to issues of algorithmic bias, accessibility, and ethical oversight to ensure equitable implementation.

Building on this foundation, the following literature review analyzes current research on AI in STEM education, with attention to how these technologies have been integrated, their instructional and policy implications, and the ethical considerations they raise. This literature synthesis informs a broader understanding of the field and identifies key gaps that future transdisciplinary efforts must address to develop inclusive, context-sensitive AI learning environments.



2.4 Research objectives and innovation rationale

Given the rapid evolution and complex implications of artificial intelligence in STEM education, this study aims to:


	a) Identify and synthesize current research trends and key contributions across technical, pedagogical, ethical, and policy domains;

	b) Assess the extent to which these contributions reflect transdisciplinary integration, address concerns of broad access and algorithmic equity, and

	c) Develop actionable, research-informed strategies for advancing inclusive, AI-powered STEM learning environments. By combining bibliometric and systematic methods, the research seeks to establish a foundation for responsible and context-sensitive innovation in educational AI.



This study introduces three interlinked innovations that contribute substantively to the discourse on AI in STEM education:


	• Theoretical innovation: It operationalizes Transdisciplinary Communication (TDC) not solely as a conceptual framework but as an applied methodology for aligning multiple epistemic communities—technologists, educators, ethicists, and policymakers—toward collaborative problem-solving. Through this approach, the study foregrounds iterative meaning-making and epistemic translation as core practices that enable ethical and context-sensitive AI implementation.

	• Methodological innovation: The study employs a dual-method design that integrates bibliometric analysis and systematic literature review (SLR). This hybrid model enables both macro-level mapping of publication trends and micro-level thematic synthesis of content. Such integration allows for simultaneous observation of structural patterns and interpretive depth—a synthesis rarely executed in STEM-AI educational research.

	• Practical and ethical innovation: The project embraces open science principles by publicly sharing its protocols, inclusion/exclusion criteria, and curated datasets via the Open Science Framework (OSF). This commitment to transparency enhances reproducibility, encourages interdisciplinary dialogue, and democratizes access to research outputs—particularly for educators and policymakers operating outside elite research institutions.



Together, these innovations respond to the need for a more inclusive, critically reflective, and epistemologically pluralistic approach to AI in STEM education. They serve not only as academic contributions but also as practical guides for institutional adoption, aligning with the broader goals of equitable innovation and reflexive governance.

To realize these objectives and articulate these innovations in actionable terms, the study follows a rigorous methodological approach that blends bibliometric and systematic review procedures. The following section details the strategies used for literature identification, data extraction, coding, and thematic synthesis, with attention to transparency, reliability, and reproducibility.




3 Methodological approach

To comprehensively examine the integration of artificial intelligence (AI) in STEM education, this study employed a sequential two-phase methodological approach combining bibliometric analysis and a systematic literature review (SLR). This design enabled both the quantitative mapping of research trends and the qualitative synthesis of scholarly findings. The methodological rationale is rooted in the complex and transdisciplinary nature of the topic, which necessitates convergence across technical, pedagogical, ethical, and policy-oriented domains.


3.1 Phase 1: Bibliometric analysis for corpus refinement

The initial corpus comprised over 3,700 records retrieved from the Web of Science, Scopus, and ERIC databases using a broad Boolean query that encompassed AI, STEM education, ethics, inquiry-based learning, and transdisciplinary communication. A bibliometric analysis was conducted to identify publication trends, disciplinary clusters, and temporal distribution (Donthu et al., 2021). This analysis revealed that approximately 72% of the literature had been published between 2021 and 2025, indicating the field’s recent and rapid evolution. Appendix Table 1 list the key resources identified (Fischer et al., 2020, 2023; Freeman, 2025; Luckin, 2018) and Encyclopedias like The SAGE Encyclopedia of Educational Research, Measurement, and Evaluation (Frey, 2018) provide a comprehensive review of academic frameworks. Co-word analysis and citation mapping helped identify central themes and underrepresented areas, providing a data-driven basis for refining the inclusion criteria for the subsequent systematic review.



3.2 Phase 2: Systematic literature review

Building on the bibliometric insights, a focused and systematic literature review (Higgins et al., 2019; Zawacki-Richter et al., 2020; Bandara et al., 2015) was conducted using the PRISMA 2020 guidelines to ensure methodological transparency and reproducibility (see Appendix Table 5). The refined search string was applied across the three databases, yielding 766 unique records (324 from Web of Science, 397 from Scopus, and 45 from ERIC). After deduplication, title and abstract screening, and full-text assessment, 147 records met the initial eligibility criteria. An additional 37 sources were included based on expert recommendations obtained during a transdisciplinary focus group session, resulting in a total pool of 184 articles. Following a final screening phase, 41 studies were selected for qualitative synthesis, and a list of the types of documents is provided (see Appendix Table 2). The complete process is visualized in the PRISMA flow diagram (see Figure 2).

[image: Flowchart illustrating article selection process. Three stages include identification, screening, and inclusion. Starting with 324 WoSCC records, zero retracted records, 147 peer-reviewed articles, 37 expert records added, resulting in 184 final articles and 41 included articles.]

FIGURE 2
 PRISMA diagram for literature review. This diagram outlines the multi-stage process used to identify and include studies in the systematic review. An initial set of 324 records was retrieved from the Web of Science Core Collection (WoSCC). No retracted records were found or removed. Of these, 147 were identified as peer-reviewed articles. An additional 37 expert-identified records were incorporated, resulting in a total of 184 records for full-title and abstract screening. Ultimately, 41 articles met the inclusion criteria and were retained for final analysis. This process was adapted to align with the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) guidelines.


To further contextualize the thematic synthesis, we generated a co-occurrence map using VOSviewer based on keywords from the included studies. The map illustrates clustering around dominant concepts such as artificial intelligence, STEM education, educational technology, student engagement, and generative AI and their temporal progression from 2021 to 2025 (see Figure 3). This visualization supports the three synthesized themes by highlighting the evolving conceptual architecture of the field and how student-centered and ethical AI use has gained salience in recent years. A list of journals is provided (see Appendix Table 3).

[image: Network graph visualizing connections among educational topics related to artificial intelligence, including teachers, student engagement, machine learning, and generative AI, with node color indicating predicted topic prominence from year 2021 to 2025 on a blue-to-yellow scale.]

FIGURE 3
 Co-occurrence map of key terms in AI-STEM education literature. The VOSviewer map shows three distinct clusters centered on AI, STEM education, and ethics, indicating emerging thematic convergence in the literature from 2021 to 2025.


To ensure methodological rigor, we employed a modified version of the Critical Appraisal Skills Programme (CASP, 2018) checklist during the full-text screening stage. This adaptation was tailored to assess the clarity of research aims, methodological transparency, ethical considerations, and data relevance in studies related to education and policy. Each study was assigned a quality rating—high, moderate, or low—through consensus coding conducted by two reviewers. Any discrepancies were adjudicated through discussion with a third author. Appraisal results were systematically recorded and managed in Microsoft Excel to support reproducibility and transparency. All inclusion and exclusion decisions were tracked using Zotero (v7.0.15) for reference management and Microsoft Excel (v2108) for classification coding. In alignment with open science best practices, all data—including search queries, screening protocols, and bibliometric outputs—have been made publicly accessible via the Open Science Framework (OSF) to support transparency, reproducibility, and global scholarly engagement (see Section 14: Data Availability Statement).

The thematic synthesis was guided by Saldaña’s (2021) qualitative coding framework and proceeded in three structured stages. First, open coding was conducted using NVivo to identify recurring concepts and semantic descriptors within the titles and abstracts of the selected studies. Second, these initial codes were grouped into descriptive themes that captured surface-level patterns in how artificial intelligence (AI) was implemented, interpreted, or discussed in educational contexts. Third, analytical themes were developed through iterative interpretation, aligning emerging categories with the core dimensions of transdisciplinary communication (TDC) and the ethical integration of AI in STEM education.

This dual-method approach facilitated a structured understanding of how AI is being conceptualized and deployed in STEM education, enabling the identification of key research gaps to inform the actionable strategies presented in later sections.

As outlined by Frey (2018, p. 2185), this study follows a structured approach to systematic review to address the following research questions (see Figure 4):


	1. What instructional strategies have been proposed to ensure responsible and effective integration of generative AI in STEM education?

	2. How does the use of AI tools influence cognitive and academic integrity in learning environments?

	3. What institutional policies and ethical frameworks are being developed to guide the adoption of AI in educational settings?



[image: Flowchart illustrating the systematic review process, including defining research questions, setting criteria and search strategies, executing database searches, consulting experts, evaluating study quality, analyzing findings with possible meta-analysis, and deriving evidence-based recommendations.]

FIGURE 4
 Sequential steps in the systematic review methodology applied in this study. This schematic is informed by the structured review procedures outlined in The SAGE Encyclopedia of Educational Research, Measurement, and Evaluation (1st ed.), edited by Bruce B. Frey, 2018, Thousand Oaks, CA: SAGE Publications. © 2018 SAGE Publications. Adapted under fair use for academic and educational purposes.




3.3 Framework selection: PICOS and alternatives

While PICOS is traditionally used in clinical research, it has been adapted here for its structural clarity in identifying populations, interventions, comparisons, outcomes, and study designs—especially in fields influenced by policy and emerging technologies. We recognize that frameworks such as SPIDER (Sample, Phenomenon of Interest, Design, Evaluation, Research type) and PEO (Population, Exposure, Outcome) are more commonly used in qualitative educational research. In this review, PICOS was used for its alignment with PRISMA guidelines and to accommodate the mixed study types (empirical, review, policy) examined. Future systematic reviews focused exclusively on qualitative findings may benefit from SPIDER-based categorization.



3.4 Inter-rater reliability, inter-rater agreement and thematic consistency

To ensure analytic consistency, coding was reviewed collaboratively by the research team using a predefined agreement scale ranging from 1 to 5, with 5 representing complete conceptual alignment between coders. Inter-rater agreement was operationally defined as either identical ratings or a discrepancy of no more than one point—an approach consistent with best practices in qualitative reliability assessment (Frey, 2018, p. 1926).

During the full-text screening phase, the first and second authors independently reviewed all candidate studies and reached a consensus on 32 out of 41 included sources. The remaining nine cases were discussed in detail with the third author, who served as a moderator to resolve interpretive discrepancies and document the rationale for final inclusion decisions. This collaborative protocol enhanced both the reflexivity and methodological rigor of the review, ensuring that decisions reflected a plurality of disciplinary perspectives and thematic alignment.

Our independent assessments demonstrated high inter-rater reliability3 and inter-rater agreement,4 as scoring patterns were either identical or differed by no more than one point. Moreover, there was sufficient variability among study characteristics to confirm the discriminatory capacity of our coding criteria, affirming the robustness of the selection process.



3.5 Search strategy and exclusion tracking

The initial corpus was derived using comprehensive Boolean search strings across three databases—Web of Science, Scopus, and ERIC. Search parameters included combinations of keywords such as “artificial intelligence,” “STEM education,” “ethics,” “student learning,” and “Generative AI.” Detailed search strings and database-specific filters are provided in Supplementary material and available via OSF [see Appendix B].

Inclusion and exclusion decisions were recorded using Zotero and Excel. All excluded studies from the full-text review phase—along with justifications—have been documented and made publicly accessible in the OSF repository to support replicability and auditability.

This systematic review was conducted in the field of education and emerging technologies, which falls outside the current scope of the PROSPERO registry. Nonetheless, we followed PRISMA 2020 guidelines and adopted open-science protocols to ensure transparency.




4 Literature review

The rapid integration of artificial intelligence (AI) into STEM education has generated a growing and increasingly diverse body of research (Straw and Callison-Burch, 2020). This literature spans three major thematic domains: technical applications, pedagogical innovations, and ethical frameworks. Technical studies investigate the development of intelligent tutoring systems, adaptive algorithms, and large language models that support data-driven instruction and real-time feedback mechanisms (Fan et al., 2023; Valeri et al., 2025; A. Fuller et al., 2024). Pedagogical research, by contrast, focuses on AI’s capacity to support inquiry-based learning, formative assessment, and personalized instruction, particularly in STEM contexts that require high levels of abstraction and iterative problem-solving (Toyokawa et al., 2023; Lin et al., 2023).

Ethical concerns are also prominent, particularly those surrounding algorithmic bias, transparency, and data governance. Scholars argue that without intentional design and regulation, AI systems risk exacerbating existing educational inequities (Raji et al., 2022). In response, transdisciplinary communication (TDC) has emerged as a critical framework that calls for inclusive collaboration among educators, technologists, policymakers, and ethicists to ensure that AI systems are pedagogically sound and socially responsible (Williamson and Eynon, 2020).

This study employed a systematic literature review to examine these three thematic areas in depth, adhering to PRISMA 2020 guidelines to ensure methodological transparency and reproducibility. The review focused on peer-reviewed studies published between 2020 and 2025 that addressed AI applications in STEM education, transdisciplinary approaches to AI integration, and the ethical challenges inherent in AI-driven learning environments. Only English-language publications were included. Following the initial database screening, a focus group session resulted in the expert-guided addition of 37 relevant sources. No records were removed. In line with best practices for research transparency and open data (Serrano-Torres et al., 2025, p. 5), all review materials—including search queries, screening documentation, and bibliometric data—have been made publicly accessible through the Open Science Framework (see Section 14: Data Availability Statement). The following subsection details the search strategy, database coverage, and procedural steps used to identify and curate the reviewed literature.


4.1 Search strategy and review procedure

This systematic literature review adhered to the PRISMA 2020 guidelines to ensure methodological transparency and reproducibility. The primary objective was to synthesize current interdisciplinary research on the integration of artificial intelligence (AI) in STEM education, with a focus on transdisciplinary communication (TDC), pedagogical innovation, and ethical governance.

The search was conducted in January 2025 across the Web of Science Core Collection, Scopus, and ERIC databases. The following Boolean string was used to identify relevant articles: (“artificial intelligence” OR “AI”) AND (“STEM education” OR “science education” OR “technology in education”) AND (“ethics” OR “inquiry-based learning” OR “personalized learning” OR “transdisciplinary communication”).

The inclusion criteria were:


	• Peer-reviewed journal articles published between 2020 and 2025.

	• English-language publications.

	• Empirical or conceptual studies focusing on AI applications in STEM education contexts.

	• Studies discussing ethical, pedagogical, or access-related implications of AI.

	• Open Access.



Exclusion criteria included:


	• Conference abstracts without full texts.

	• Non-English or non-peer-reviewed publications or gray literature (unless added via expert recommendation).

	• Studies solely address technical algorithm development without educational context.



The refined categories were:


	• Education Educational Research

	• Education Scientific Disciplines

	• Computer Science Artificial Intelligence



A total of 324 records were initially retrieved from the Web of Science database. The search was then replicated in Scopus, yielding 397 records, and in ERIC, which returned 45 records. Following the removal of duplicates, titles and abstracts of 543 unique entries were screened for relevance. Of these, 147 articles were selected for full-text review based on inclusion criteria. Subsequently, 37 additional records were incorporated based on expert recommendations gathered during a transdisciplinary focus group session, bringing the total pool to 184 articles. After a second round of title, abstract, and full-text assessment, 41 studies were deemed eligible and included in the final synthesis (see Figure 2, PRISMA flow diagram). We categorize the documents by STEM discipline including Technology (n = 16), Education (n = 15), Cross-Disciplinary/Integrated STEM (n = 6), and General STEM (n = 4).

Zotero version 7.0.15 (64-bit) was used for reference management, while Excel version 2,108 (Build 14332.21040 Click-to-Run) was employed to track inclusion/exclusion decisions. Complete data records, including search terms and selection criteria, are publicly available via the Open Science Framework (see Section 14: Data Availability Statement).



4.2 AI applications in STEM education

AI technologies have significantly transformed STEM education by enabling adaptive learning environments, automated assessments, and personalized learning pathways. For example, AI-powered adaptive systems utilize machine learning algorithms to tailor educational content based on student’s abilities and learning styles, offering individualized instruction and real-time feedback (Zawacki-Richter et al., 2019). Automated assessment tools—exemplified by intelligent tutoring systems (ITS) such as Carnegie Learning’s Cognitive Tutor—simulate one-on-one tutoring experiences and provide immediate, data-driven feedback (Van Lehn, 2011). Furthermore, predictive analytics derived from machine learning have enabled educators to identify learning gaps early and design targeted interventions (Holmes et al., 2019). Despite these promising applications, challenges remain in ensuring that these models are fair and transparent; inconsistencies in training datasets can disproportionately affect students from a variety of backgrounds (Baker and Hawn, 2022).



4.3 Transdisciplinarity and AI integration

The successful implementation of AI in STEM education hinges on transdisciplinary collaboration that bridges computer science, cognitive psychology, ethics, pedagogy, and social sciences. Additionally, it is essential to involve broader societal stakeholders, such as parents and students, to ensure that AI integration is aligned with community needs and values. Transdisciplinary communication (TDC) frameworks are instrumental in aligning technological innovation with educational theory. The adaptation of theoretical models such as Vygotsky’s “Zone of Proximal Development (ZPD)” (Lasmawan and Budiarta, 2020) and Piaget’s “Constructivist Learning Theory (CLT)” (Piaget, 1972) has demonstrated how AI can function as an instructional scaffold (Luckin and Holmes, 2016). Recent studies have also shown that AI-driven virtual labs and simulations can enhance inquiry-based learning (IBL) by replicating real-world experimentation (Chen et al., 2020), while collaborative learning platforms foster interdisciplinary teamwork and critical thinking (Hidiroglu and Karakas, 2022; Parviz, 2024). However, the efficacy of these initiatives depends on ongoing dialogue not only among educators, technologists, and policymakers but also with parents and students to ensure that AI systems adhere to ethical guidelines and pedagogical objectives while reflecting the needs of the society they aim to serve (Selwyn, 2019).



4.4 Ethics, algorithmic integrity, and access considerations

Integrating AI into education raises complex ethical questions about algorithmic decision-making, data privacy, and the digital divide (see Appendix Table 4). AI models trained on prior data may unintentionally reproduce existing societal disparities, leading to inconsistencies across demographic and economic dimensions (West et al., 2019). Additionally, some scholars argue that excessive reliance on AI-generated recommendations may inhibit students’ development of independent critical thinking (Williamson, 2019). Others contend that personalized feedback from AI can enhance metacognitive skills when designed appropriately (Karatas and Arpaci, 2021). Initiatives such as “AI for Social Good” underscore the need for fair, transparent, and accountable AI systems in education, advocating for robust regulatory frameworks and open-source models (Dignum, 2018). Moreover, emerging research in Explainable AI (XAI)5 emphasizes making AI processes interpretable so educators and students can understand and trust AI-driven decisions (Adadi and Berrada, 2018).

Despite AI’s potential, further research is needed to develop comprehensive inconsistency detection, fairness auditing, and governance mechanisms to ensure that AI enhances broad and accessible learning outcomes. While addressing these ethical challenges remains a critical priority, it is equally essential to translate research into tangible solutions. To fully realize AI’s potential in STEM education, it is necessary to move from theoretical concerns to actionable strategies that not only ensure fairness but also capitalize on AI’s transformative capabilities. The next step involves developing a strategic framework that integrates broad access, engagement, and pedagogical effectiveness into the development and deployment of AI technologies. As AI continues to influence the evolution of education, it is essential to adopt a multi-stakeholder approach—uniting educators, technologists, policymakers, and ethicists—to collaboratively shape AI-driven learning environments that foster innovation and uphold social responsibility.



4.5 Risk of bias and limitations

While this review adhered to PRISMA guidelines to ensure methodological rigor and transparency, several potential sources of bias warrant consideration. First, language bias is present, as the review was limited to English-language publications. This criterion may have excluded significant insights from regional or non-English sources, particularly those from the Global South. Second, a disciplinary imbalance is evident: the included literature predominantly represents fields such as computer science and educational technology, while contributions from sociology, anthropology, and public policy remain underrepresented. Third, although the inclusion of 37 additional articles based on expert recommendations enriched the review, it also introduces selection bias, particularly due to the purposive inclusion of highly cited or institutionally visible studies.

Furthermore, publication bias may have influenced the dataset, as studies reporting favorable or novel outcomes are more likely to be published in indexed academic databases. To promote inclusivity and reduce barriers to collaboration, the authors adopted open-access availability as a guiding principle, ensuring that all included sources were accessible to all members of the research team, including a co-author based in Ecuador. This strategy supported equitable participation in data review and analysis.

These limitations underscore the importance of future systematic reviews that incorporate multilingual sources, gray literature, and formal bias assessment tools, such as ROBIS, to enhance comprehensiveness and global representativeness.



4.6 Thematic patterns across the corpus: agency, assessment, and cognitive transformation

Analysis of the 41 included studies yielded three dominant and interrelated thematic patterns: (1) Student Agency and AI-Augmented Learning, (2) Reimagining Assessment in AI-Native Classrooms, and (3) Cognitive and Ethical Transformation through AI Integration. These themes collectively reflect the evolution of discourse and empirical work within the intersection of artificial intelligence and STEM education. The thematic results are grounded in both narrative coding and bibliometric clustering, supported by the co-occurrence map generated using VOSviewer (Figure 3).


4.6.1 Theme 1: Student agency and AI-augmented learning

Across the dataset, 28 studies examined how AI technologies influence learner autonomy, self-regulation, and personalization. Of these, 19 highlighted AI’s potential to support self-directed learning through adaptive feedback systems, intelligent tutoring, and personalized content pathways. However, nine studies reported concerns regarding reduced cognitive engagement, with some documenting over-reliance on generative tools as a substitute for deep learning. Variation in agency was observed across educational levels, with higher education studies reporting greater use of co-design and scaffolding mechanisms compared to K–12 settings.



4.6.2 Theme 2: Reimagining assessment in AI-native classrooms

Assessment-related concerns were addressed in 22 studies, with 14 explicitly discussing the limitations of traditional testing in the context of generative AI. Emerging assessment models include process-oriented evaluations, performance-based tasks, and AI-detection-aware rubrics. Several studies emphasized the need to evaluate thinking processes rather than outputs alone. Notably, comparative findings indicate a lack of alignment between institutional policy responses and the pace of student adoption of AI tools, especially in STEM disciplines.



4.6.3 Theme 3: Cognitive and ethical transformation

Ethical implications and shifts in cognitive strategies were identified in 21 studies. Key concerns included the normalization of biased AI outputs, lack of algorithmic transparency, and the marginalization of students with limited digital access or literacy. At the same time, 11 studies reported that structured AI integration can promote critical thinking, metacognitive reflection, and cross-disciplinary learning. Ethical discourse increased notably in post-2023 publications, consistent with the trend visualized in the VOSviewer map showing clustering around terms such as “ethics,” “student engagement,” and “equity.”



4.6.4 Synthesis across themes

Comparative synthesis reveals disciplinary divergences in the treatment of these themes: engineering and computer science studies prioritize automation and performance metrics, whereas education and psychology studies emphasize cognitive, social, and ethical dimensions. The combined use of bibliometric mapping and structured thematic coding highlights a growing convergence around student-centered approaches but also uncovers significant gaps—particularly the limited presence of transdisciplinary frameworks and empirically tested interventions.

These results underscore the importance of designing AI-powered STEM education systems that prioritize learner agency, reconfigure assessment for authenticity, and remain vigilant to the cognitive and ethical complexities introduced by AI technologies.

The thematic synthesis reveals a field in flux—marked by experimentation, ethical reconsideration, and evolving pedagogical models. However, while the literature offers valuable insights, it also underscores persistent gaps in application, equity, and coherence across disciplines. In response, the following section translates these thematic patterns into a set of actionable, evidence-informed strategies. These recommendations are designed to guide educators, policymakers, and institutional leaders in navigating the opportunities and risks of AI implementation while fostering an inclusive and reflexive educational ecosystem.




4.7 Ethical agency and inclusive design in AI-driven STEM education

This section examines how ethical design principles and inclusion frameworks are—or are not—embedded in the implementation of AI tools in STEM education. While numerous studies highlight the potential of AI for personalized and adaptive learning, far fewer address how these systems can reproduce structural inequities, reinforce epistemic power asymmetries, or marginalize already vulnerable student populations.

In response to these gaps, a growing body of perspective literature—particularly those grounded in the Universal Design for Learning (UDL) framework—has argued that inclusive design must transcend the technical layer of accessibility and be adopted as a foundational pedagogical philosophy. UDL serves as a framework for curriculum development that emphasizes instructional flexibility, enabling learners with diverse needs, backgrounds, and abilities to access, engage with, and express an understanding of content (Kapil et al., 2024). It proposes three core principles: providing multiple means of engagement, representation, and expression—each essential for inclusive pedagogical planning in AI-enhanced environments.

To provide additional clarity, UDL is defined as a research-based framework to improve and optimize teaching and learning based on what we know about the human brain. According to CAST (2024), learner variability is predictable and ubiquitous. The UDL Guidelines support educators in designing for this variability through three main categories:


	• Engagement (the why of learning): recruiting interest, sustaining effort and persistence, and promoting self-regulation;

	• Representation (the what of learning): perception, language and symbols, and comprehension;

	• Action and expression (the how of learning): physical action, expression and communication, and executive function.



These principles guide educators in addressing diverse student needs and in reducing barriers to learning through anticipatory and inclusive design. In the context of AI-enhanced education, these categories provide critical design prompts for building systems that respect neurodiversity, language variation, and cognitive diversity at scale.

Glass et al. (2013) extend this argument by illustrating that UDL is not a retroactive accessibility fix but a proactive design mindset that leverages learner diversity as a pedagogical asset. Their work demonstrates how educators can shift from deficit-based models to strength-based practices through creative, multimodal instructional approaches. In the context of AI, this reconceptualization calls for systems that are not merely compliant with accessibility standards but are epistemically responsive—enabling students to co-construct their learning experiences in ways that affirm agency and identity.

Building on this, recent analyses of equity-focused AI systems emphasize the importance of aligning algorithmic design with the ethical requirements articulated by the European Commission’s “Trustworthy AI” guidelines (Isop, 2025). These include human agency and oversight, technical robustness, transparency, and fairness. UDL-aligned AI systems operationalize many of these principles by empowering students to navigate content on their terms, choose from multiple pathways for assessment, and receive meaningful, personalized feedback without compromising transparency or accountability.

Thus, the integration of UDL within AI-driven STEM education not only enhances technical adaptability but also reinforces ethical agency (Priyadharsini and Mary, 2024). It ensures that inclusion is not an afterthought but an active design commitment—one that addresses systemic exclusions and promotes learner autonomy, cultural relevance, and just learning ecologies. By foregrounding frameworks like UDL, the review reveals how ethical design and transdisciplinary collaboration are essential to the future of equitable AI in education.

In sum, the reviewed literature illustrates that ethical and inclusive design in AI-powered STEM education requires more than equitable access—it demands intentional, transdisciplinary frameworks that align pedagogical flexibility with algorithmic accountability. The following section builds upon this conceptual foundation by offering actionable strategies that operationalize these insights across practice, policy, and research domains.




5 Actionable strategies for AI-driven STEM education

As AI continues to shape the STEM education landscape, developing actionable strategies that support broad participation, promote transdisciplinary collaboration and harness AI’s capabilities for enhanced learning experiences is essential. AI-driven system education must be ethically sound, accessible, and pedagogically practical, requiring a strategic, multi-stakeholder approach that involves educators, AI developers, policymakers, and ethicists. This section outlines key strategies for designing AI systems that address access-related challenges, foster transdisciplinary collaboration in AI integration, and implement AI-driven solutions to enhance STEM education.


5.1 Designing AI for access and engagement

AI has the potential to personalize education and improve access (Devi-Doddi, 2023), but without proper oversight, it can also reinforce algorithmic inconsistencies and widen disparities in educational outcomes. To support broad AI adoption in STEM education, it is critical to develop inconsistency detection algorithms, responsive AI models, and strategies to expand access to underserved learning environments.

One of the foremost challenges in AI-driven education is algorithmic inconsistency, which arises when AI models are trained on datasets that reflect prior disparities in how educational resources and assessments have been distributed. AI inconsistency detection algorithms must be developed and implemented to regularly audit and correct imbalanced patterns in automated grading systems, adaptive learning platforms, and AI-generated recommendations (West et al., 2019). AI-driven educational tools must be tested across a range of learner profiles to ensure they do not produce uneven outcomes based on individual characteristics or contextual learning needs.

Expanding AI access to underserved learning environments requires targeted policy interventions and infrastructure investments. Many AI-driven learning platforms rely on high-speed internet and advanced computing resources, often unavailable in underprivileged schools and low-income communities (Holmes and Burgess, 2022). Governments, universities, and private sector partners must invest in affordable AI-powered educational tools, low-bandwidth adaptive learning technologies, and community-based digital literacy programs to democratize AI-driven education. Initiatives such as open-source AI models and low-cost machine learning platforms can provide students from a wide range of learning contexts with access to AI-enhanced educational experiences without financial or technological limitations.

Additionally, AI must be designed to support students with varying learning needs, ensuring that educational tools comply with Universal Design for Learning (UDL) principles. The UDL framework promotes inclusive and flexible learning environments by providing multiple means of engagement, representation, and expression—principles that are essential for addressing systemic inequities and fostering accessibility for neurodiverse and historically underserved learners (Alasadi and Baiz, 2023; Bray et al., 2024; Garcia Ramos and Wilson-Kennedy, 2024). Complementing UDL, the European Commission’s “Requirements of Trustworthy AI” offers a foundational ethical scaffold, emphasizing human agency and oversight, technical robustness, transparency, fairness, and accountability (Isop, 2025). Technologies, such as speech recognition software, real-time transcription services, and AI-generated personalized learning pathways, can provide tailored support for students with visual, auditory, and cognitive impairments (Grenier et al., 2025). By centering educational equity and responsible innovation, AI-powered learning environments can help close existing gaps rather than deepen them.



5.2 Transdisciplinary collaboration framework

The integration of AI into STEM education requires a transdisciplinary collaboration framework that brings together the ‘Mode 3’ and ‘Quadruple Helix’ stakeholders—such as educators, technologists, ethicists, policymakers, and social scientists—to co-design AI systems that are technically robust and pedagogically effective (Carayannis and Campbell, 2009). These stakeholders often embody multiple roles simultaneously; for example, a single individual may function as a parent, educator, and civic participant within overlapping educational and governmental systems. Recognizing these intersecting identities is critical to developing ethical frameworks and policy guidelines that authentically reflect the complexity of real-world educational ecosystems.

Technology developers must not solely dictate AI in education; its implementation should be a co-designed process that aligns with educational goals, ethical considerations, and societal needs. This approach resonates with the ideas discussed in Ostrom (2015, p. 137), who underscores the value of collaborative governance in managing shared resources such as educational technologies. She argues that sustainable systems emerge through collective action, where diverse stakeholders contribute their expertise, resources, and decision-making capacities. In this spirit, AI in education must be shaped by cooperative processes that prioritize accountability, transparency, and the public good.

Establishing multi-stakeholder networks ensures that diverse disciplinary perspectives inform AI development. Universities, research institutions, and industry leaders must work together to create AI education task forces that evaluate how AI technologies align with curriculum goals, support ethical learning environments, and foster cognitive development. Collaborative partnerships between educators and AI developers can effectively bridge the divide between technological innovation and classroom realities, ensuring that AI tools remain accessible, contextually appropriate, and pedagogically robust (Luckin and Holmes, 2016).

Embedding transdisciplinary communication (TDC) principles in AI policy design ensures that AI is transparent, explainable, and aligned with human-centered education values. AI systems in STEM education must be accountable to educators and students, requiring policies that mandate algorithmic transparency, open-access data, and explainable AI (XAI) models. These policies should also include ethical guidelines for AI-driven decision-making in student assessments, learning analytics, and automated grading systems, ensuring that AI does not function as an opaque, unchallengeable educational authority (Selwyn, 2019).

Another crucial aspect of transdisciplinary collaboration is public engagement and AI literacy development. Many educators and students remain unfamiliar with AI systems, leading to skepticism or overreliance on AI-generated outputs. Integrating AI literacy programs within STEM curricula can help students and teachers critically understand AI models, ethical considerations, and data-driven decision-making (Holmes et al., 2019). Students can become active co-creators of AI-enhanced learning experiences by fostering AI literacy across disciplines rather than passive consumers.

A transdisciplinary approach to AI integration ensures that AI is developed with—not just for—educators and learners, leading to a more ethical, transparent, and broadly accessible AI-driven education ecosystem.



5.3 Practical AI applications in STEM education

The successful integration of AI in STEM education relies on practical applications that enhance learning engagement, provide hands-on experiences, and automate administrative processes. AI-powered tools such as virtual laboratories, intelligent tutoring systems, and AI-driven research assistants have demonstrated significant potential in transforming STEM education.

AI-enhanced laboratories enable students to perform experiments in virtual and augmented reality settings, allowing them to explore complex scientific concepts without the constraints of traditional lab environments. AI-powered simulations can model chemical reactions, physics experiments, and engineering prototypes, giving students real-time feedback on their hypotheses and procedural accuracy (Chen et al., 2020). These virtual labs democratize access to high-quality STEM education, particularly for institutions that lack funding for specialized lab equipment and resources.

Intelligent tutoring systems (ITS) leverage natural language processing (NLP) and machine learning to provide students with personalized, real-time academic support. AI-driven tutors analyze student responses, learning patterns, and areas of difficulty to offer customized explanations and problem-solving strategies. Systems such as IBM Watsonx6 and Socratic AI7 have improved student comprehension and engagement, particularly in mathematics, physics, and computer science (Van Lehn, 2011). These AI tutors do not replace human educators but instead serve as complementary tools that enhance individualized learning experiences. These patterns align with the evolving thematic architecture illustrated in the VOSviewer map (see Figure 3), where terms like student engagement and generative AI emerge as increasingly central—underscoring the practical urgency of the issues identified in this study.

AI research assistants can automate time-consuming academic tasks, such as grading assignments, generating lesson plans, and compiling research summaries. AI-powered grading tools provide instant feedback on student submissions, allowing teachers to allocate more time to interactive discussions and hands-on instruction. Additionally, AI-driven recommendation engines can help students identify relevant research articles, suggest STEM career pathways, and personalize study plans based on their learning history (Baker and Hawn, 2022).

Integrating AI-driven labs, tutors, and research assistants makes STEM education more interactive, efficient, and student-centered. This allows educators to focus on mentorship, inquiry-driven learning, and interdisciplinary exploration.

Implementing AI-driven STEM education requires intentional design choices prioritizing broad access, transdisciplinary collaboration, and practical application. AI technologies must be designed to detect and mitigate inconsistencies, ensuring that underserved learning environments have broad access to AI-powered learning tools. Effective AI adoption also depends on transdisciplinary collaboration, where educators, technologists, and ethicists work together to create AI systems that are transparent, ethical, and pedagogically sound. Finally, AI must be applied strategically in STEM education, leveraging virtual laboratories, intelligent tutors, and research automation to enhance student engagement and learning outcomes.

AI can be a transformative force in STEM education by adopting these actionable strategies and fostering innovation, engagement, and interdisciplinary knowledge-building. Looking ahead, the integration of AI in education must undergo ongoing evaluation, refinement, and adaptation to guarantee that it functions as a means of empowerment and not as a mechanism of exclusion.



5.4 Disciplinary landscape of AI applications at a research-intensive polytechnic institution

Within the reviewed literature, the distribution of AI applications reflects the evolving priorities and capacities of research-intensive polytechnic institutions. The most prominent disciplinary category is Technology (n = 16), underscoring the emphasis on engineering, computer science, and data-driven innovation in AI research and pedagogy. This trend aligns with institutional goals to advance technical infrastructure, digital transformation and applied machine learning across curricula.

The education category (n = 15) captures scholarship focused on pedagogical integration, instructional design, and student engagement. These studies often explore how AI can support formative assessment, metacognition, and adaptive learning—critical concerns at institutions committed to educational innovation and learner-centered practices.

A smaller but significant number of studies focus on Cross-Disciplinary or Integrated STEM approaches (n = 6), highlighting the importance of collaborative pedagogical ecosystems. These contributions reflect how AI tools can scaffold interdisciplinary projects, data visualization, and collaborative problem-solving across STEM fields—particularly valuable in project-based learning environments.

Finally, the General STEM category (n = 4) encompasses broader overviews and domain-neutral applications. These works address AI’s potential to enhance core STEM competencies, support career readiness, and foster inquiry-driven education without focusing on specific subfields.

Collectively, these distributions illustrate the strategic value of AI at R1 polytechnic universities: promoting innovation in technological domains, driving inclusive and adaptive education practices, and supporting the convergence of disciplines through transdisciplinary problem-solving. Rather than siloing AI within narrow use cases, the reviewed literature reveals a pattern of purposeful diffusion—AI is increasingly understood as both a technological enabler and a pedagogical catalyst across the STEM ecosystem including research and development.




6 Student use of generative AI: a case illustration of emerging themes in practice

As artificial intelligence becomes increasingly interwoven into STEM education, the ways students interact with these tools provide a real-time reflection of the review’s core findings—particularly regarding learner agency, evolving assessment paradigms, and ethical engagement. Rather than viewing student AI use as a peripheral issue, this section treats it as an applied case of how technological integration unfolds in practice, echoing themes identified across the literature.

At the heart of these discussions is the principle that students must remain the central stakeholders in educational design. AI should be positioned not as a replacement for authentic learning but as a cognitive partner—augmenting educator capacity, scaffolding learner autonomy, and enhancing access to tailored support. However, AI’s perceived neutrality often masks structural inequities and behavioral adaptations that may deviate from pedagogical intent. As such, the ethical integration of AI demands reflexive dialogue, not only about its functionality but also its influence on learning norms and student values.

Several recent surveys have explored student engagement with AI, including the extent to which students use AI tools to complete assignments rather than engage authentically in learning tasks. These surveys investigate student perceptions, motivations, ethical considerations, and experiences with AI in academic contexts. For example, a Harvard Graduate School of Education study found that while a majority of teens perceive the use of AI for schoolwork as a form of cheating, many also recognize AI’s potential to enhance academic experiences, such as aiding in starting papers or creating individualized learning plans (Nagelhout, 2024).

While a definitive percentage is difficult to pinpoint due to varying survey methodologies and the evolving nature of AI use, research suggests that a significant portion of students, ranging from 10% to over 50%, utilize AI tools in some capacity for writing essays and academic work. For example, one study showed that 47% of students would have used AI for their college admissions essays had it been available (ACT, 2023). Other studies indicate that a large percentage (around 50%) use AI for brainstorming, outlining, or generating first drafts (Chan et al., 2025; Fahira et al., 2024) and that this is generally difficult to distinguish (Fleckenstein et al., 2024). The following studies provide various insights into the types and extent of AI uses reported by students (Digital Education Council, 2024; The State of Higher Education 2024, 2024).

A survey of teens found that 44% were likely to use AI to do their schoolwork, with 60% considering it cheating, indicating both the prevalence and ethical concerns surrounding AI use in education (Citizens, 2023). The HEPI/Kortext AI Survey (2025) revealed an “explosive increase” in the use of generative AI tools by students, with significant disparities in AI use among different groups (e.g., males, students in STEM courses, etc.). The results show the extremely rapid rate of uptake of generative AI chatbots and other AI tools being used by students. As AI becomes embedded in education, students see it as a core part of the learning process as well as a differentiator within the workforce, signaling a vital need for training and preparation.8

From a transdisciplinary perspective, student use of AI mirrors broader systemic shifts: a recalibration of trust in automated processes, new forms of peer and platform-mediated knowledge validation, and a restructuring of what counts as “learning.” The findings suggest that without clear pedagogical scaffolds and transparent, ethical guidelines, students may default to optimizing for performance rather than engaging deeply with disciplinary knowledge or collaborative problem-solving.

Underscoring the importance of designing evaluative metrics and instructional practices that align with authentic cognitive processes—not just outcomes. As AI tools become standard fixtures in educational ecosystems, institutions must adopt student-centered metrics that reflect formative learning, ethical reasoning, and epistemic engagement. Doing so requires a shift from punitive surveillance to participatory governance, where students contribute to shaping norms around appropriate AI use.

This case analysis reinforces the urgency of proactive, transdisciplinary strategies that treat student experience not as an ancillary concern but as a diagnostic site for educational reform. The following section draws on this synthesis to propose implications for policy, instructional design, and institutional leadership while outlining avenues for future research that center student voices and advance ethical, equitable AI integration in STEM education.



7 Implications and future directions

Integrating artificial intelligence (AI) in STEM education can redefine learning environments, personalize instruction, and democratize access to quality education. However, as AI advances, critical challenges related to governance, ethics, broad access, and long-term impact must be addressed to ensure that AI-driven education remains sustainable, transparent, and accessible to all learners. This section outlines key policy recommendations, future research directions, and strategies for scaling AI-based STEM education globally to maximize AI’s positive impact while mitigating potential risks.

The VOSviewer-generated map (see Figure 3) reinforces the findings of this review by visually demonstrating the field’s shifting priorities—highlighting the growing prominence of generative AI, student engagement, and transdisciplinary education as emergent clusters and signaling a need for frameworks that can address both convergence and divergence in future research agendas.


7.1 Policy and governance recommendations

The successful implementation of AI in education requires a robust governance framework that promotes ethical AI development, transparency, and broad access. Current AI policies in education remain fragmented, with disparities in AI adoption, lack of oversight, and limited guidelines for ensuring bias-free AI models. Developing transdisciplinary AI governance models is critical to fostering an engaging, fair, and responsible AI ecosystem for STEM education.

A transdisciplinary AI governance model should integrate educators, technologists, policymakers, ethicists, and social scientists in developing and overseeing AI-driven educational tools. This model would ensure that AI systems align with learning objectives, cognitive development principles, and ethical standards while addressing concerns about data privacy, algorithmic transparency, and AI accountability (Dignum, 2018). Governments and educational institutions must create clear policies for AI integration, establish guidelines for the ethical collection, use, and storage of student data, and ensure that AI-driven assessment tools are interpretable and auditable.

Encouraging open-source AI tools ensures broad access to AI-driven education technologies, particularly for underfunded schools and underserved learning environments. Open-source AI models allow for greater transparency, adaptability, and cost-effective deployment, making AI-based STEM education accessible to a broader range of learners (Holmes et al., 2019). Universities, research institutions, and technology firms should collaborate on open-source AI initiatives, prioritizing broad access to education and ethical AI development. By fostering a globally shared AI knowledge base, institutions can ensure that AI in education is shaped by collective expertise rather than being monopolized by a few large corporations.



7.2 Future research directions

AI’s role in STEM education is still in its early stages, and many critical questions remain unanswered. How does AI influence cognitive development, inquiry-based learning, and long-term career pathways in STEM fields?

One important avenue for exploration is AI’s impact on metacognition in STEM learning. AI-powered tools are often designed to provide answers and optimize efficiency, but they must also support higher-order thinking, self-regulated learning, and critical inquiry. Research is needed to determine whether AI enhances or hinders metacognitive skills, such as reflection, problem-solving strategies, and self-directed learning behaviors (Guilherme, 2019). Future studies should examine how AI can be intentionally designed to foster metacognition, ensuring students engage in deep, meaningful learning rather than passive knowledge consumption.

Additionally, investigating AI’s long-term impact on STEM career pathways is essential for understanding how early exposure to AI-driven learning environments influences students’ career trajectories. AI-driven STEM education could increase interest in AI-related careers and reshape workforce demands by automating specific skills while emphasizing others. Future research should explore: Does AI-based learning foster long-term engagement in STEM fields? How do AI tools influence students’ decision-making processes regarding career choices? Will AI literacy skills become a prerequisite for success in future STEM professions (Williamson, 2019)?

Further, longitudinal studies could examine whether AI-driven learning environments narrow or widen achievement gaps over time, particularly among students from varying educational backgrounds in STEM disciplines. Understanding AI’s impact on student diversity, retention rates, and long-term academic achievement is crucial for refining AI-based educational policies and interventions.



7.3 Scaling AI-based STEM education

For AI-driven STEM education to have a meaningful global impact, it must be scalable, adaptable, and responsive to diverse educational needs. Current AI implementations in education are often limited to well-funded institutions, high-income regions, and technologically advanced infrastructures, leaving many students without access to AI-enhanced learning experiences. Expanding AI-based STEM education requires global collaboration, open-access initiatives, and investment in digital infrastructure.

International organizations, governments, and educational institutions must collaborate to develop AI-for-education initiatives prioritizing global engagement and broad access to education. Partnerships between AI researchers, policymakers, and non-governmental organizations (NGOs) can facilitate the deployment of affordable AI-driven educational tools in low-income and rural communities (Kitsara, 2022). These efforts should focus on adapting AI technologies to different linguistic, cultural, and economic settings, ensuring that AI-based learning is relevant and accessible across a wide range of learner communities.

Moreover, integrating AI literacy into national education curricula will be essential for preparing students for AI-driven industries and future STEM careers. Governments should establish AI education policies that provide teacher training programs, curriculum frameworks, and AI-focused learning resources to support AI literacy at all levels of education (Selwyn, 2019). Special attention should be given to closing the digital divide, ensuring that students in underprivileged schools and resource-limited settings can access the same AI-enhanced learning opportunities as their peers in more developed regions.

To scale AI-based STEM education effectively, policymakers must continuously evaluate and refine AI-driven learning models. AI systems should be monitored for their educational efficacy, ethical implications, and societal impact, focusing on iterative improvements based on student and educator feedback.

Education systems can leverage AI’s transformative potential by fostering global AI collaborations, prioritizing open-access AI tools, and investing in AI literacy programs while ensuring broad, engaging, and ethically responsible STEM education for all learners.

As AI continues to shape the future of STEM education, it is critical to establish governance policies that promote transparency, accountability, and accessibility. Developing transdisciplinary AI governance models and encouraging open-source AI tools will ensure that AI benefits a broad range of learners rather than reinforcing existing disparities. How does AI impact metacognitive development and STEM career pathways, and what deeper insights can it provide into AI’s long-term role in shaping education and workforce readiness? Furthermore, global collaboration is essential to ensure that AI-driven STEM education is both scalable and accessible, particularly in under-resourced educational settings. By fostering an interdisciplinary and engaging approach to AI integration, policymakers, educators, and researchers can collectively build a future where AI enhances education, encourages innovation, and supports broad learning opportunities worldwide.



7.4 Meta-inference

As global collaboration and inclusive AI governance gain traction, a deeper understanding of the epistemic and ethical dimensions underlying educational AI becomes necessary. While transdisciplinary integration offers fertile ground for innovation, it also exposes systemic tensions—between personalization and surveillance, automation and human agency, access and asymmetry. These tensions are not merely operational but ontological, challenging the assumptions that various disciplines bring to concepts like intelligence, learning, and fairness. Across disciplinary boundaries, the integration of generative AI in STEM education reflects both convergence—such as shared commitments to personalization, accessibility, and improved engagement—and contradiction, especially in terms of authorship, cognitive agency, and assessment design (Arnold and Greer, 2016; León et al., 2024). The transdisciplinary communication (TDC) framework functions as a diagnostic and generative tool, illuminating these tensions and enabling the formulation of co-regulatory mechanisms that are both epistemically plural and ethically responsive. By surfacing these interdependencies, TDC strengthens the foundation for ongoing dialogue and design across stakeholder communities (see Figure 5).
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FIGURE 5
 Navigating convergence and tensions in AI-driven STEM education. This SmartArt-style layout illustrates how the transdisciplinary communication (TDC) framework serves as a central organizing lens for interpreting the integration of AI in STEM education. It bridges three major themes: cognitive transformation, assessment redesign, and ethical agency.


This integrative lens not only anchors the findings of this review but also opens space for future work that links theoretical innovation with policy implementation, local classroom practices, and global equity concerns. Taken together, these implications emphasize that the integration of AI in STEM education must be more than technologically sophisticated—it must be ethically grounded, pedagogically inclusive, and research-informed. As the educational landscape continues to evolve in response to AI’s transformative potential, a shared commitment to epistemic plurality, reflexive practice, and participatory governance will be essential. The following conclusion consolidates these insights and outlines a forward-looking research and practice agenda for AI-enhanced STEM education.




8 Conclusion

Integrating artificial intelligence (AI) into STEM education represents a fundamental paradigm shift, redefining how students learn, educators teach, and institutions design curricula. AI’s capacity to personalize instruction, automate administrative tasks, and enhance inquiry-based learning positions it as a transformative force.

However, this promise is contingent upon ethical implementation, broad access, and robust interdisciplinary collaboration. Without intentional design and governance, AI risks exacerbating gaps in educational outcomes, reinforcing algorithmic inconsistencies, and concentrating power among a select few. Thus, ensuring that AI serves as an instrument for engagement, innovation, and pedagogical advancement necessitates a transdisciplinary approach integrating insights from education, ethics, computer science, cognitive psychology, policy-making, and society at large.

Throughout this study, several key insights have emerged. First, while AI holds the potential to revolutionize STEM education through adaptive learning platforms, virtual laboratories, and intelligent tutoring systems, its success critically depends on how these technologies are implemented and governed. The risks associated with algorithmic inconsistencies, data privacy, and over-reliance on automated systems must be addressed to safeguard broad learning opportunities. Second, transdisciplinary collaboration is paramount; technologists should not develop AI solely. Instead, its design, deployment, and oversight must involve educators, ethicists, policymakers, and social scientists to ensure that AI aligns with pedagogical objectives and ethical standards. TDC frameworks can effectively bridge the gap between AI’s technical capabilities and real-world educational applications, fostering an innovative and socially responsible ecosystem.

Furthermore, this study calls for a focused discussion on policy development and open-source initiatives as essential elements for democratizing AI-based STEM education. Persistent disparities in technological infrastructure continue to pose substantial obstacles, especially within educational settings that lack sufficient resources. Collaborative efforts among governments, universities, and the private sector are essential to expanding access to AI-enhanced learning tools, developing comprehensive AI literacy programs, and establishing ethical governance models prioritizing transparency, fairness, and engagement.

Looking ahead, the future impact of AI in STEM education hinges on continuous research, evaluation, and adaptation. Longitudinal studies are needed to assess AI’s long-term effects on student learning, career pathways, and workforce readiness. In contrast, further exploration into its role in fostering metacognition, critical thinking, and self-directed learning is warranted. The vast potential for global collaboration in AI-driven education calls for international partnerships and cross-sector initiatives to scale AI’s benefits while mitigating risks. In conclusion, realizing the full promise of AI in STEM education requires a collective commitment from policymakers, educators, technologists, and researchers to create an AI-powered education landscape that is engaging, ethical, and sustainable for future generations.

This study contributes a set of methodological and conceptual innovations to the evolving landscape of AI in STEM education. By combining bibliometric mapping with a systematic literature review and by operationalizing the transdisciplinary communication (TDC) framework, the study offers both analytical depth and strategic foresight. The adoption of open-science principles and the development of actionable, research-informed strategies underscore the study’s commitment to inclusive, ethical, and scalable implementation of AI in learning environments. These innovations position the work as both a foundation for future inquiry and a practical guide for stakeholders seeking to align technological advancement with equitable educational outcomes.
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Footnotes

1   AI-driven system: A software or hardware system whose core operations are guided by artificial intelligence techniques, enabling it to autonomously analyze data, recognize patterns, make decisions, and adapt its behavior without explicit human programming for each scenario.

2   This condensed treatment acknowledges a more detailed evolution—literacy → digital literacy → AI literacy—previously contextualized in Section 2.0. While partially reiterative, restating this sequence here serves to foreground AI literacy as a transdisciplinary construct and thematic anchor for the ensuing discussion on critical engagement and ethical reflection. This framing aligns with UNESCO’s recommendation that AI literacy should empower learners not only to use AI tools but also to understand, question, and shape their development and societal impact (Miao et al., 2021).

3   Inter-Rater Reliability refers to the degree of consistency or correlation between the scores assigned by different raters, typically measured using statistical indices such as Cohen’s Kappa, ICC, or correlation coefficients. It reflects the extent to which raters provide proportionally similar evaluations across items, even if their exact ratings differ slightly (McHugh, 2012).

4   Inter-Rater Agreement refers to the exactness of ratings assigned by multiple raters, indicating whether coders assign the same score or category to the same item. High agreement implies that raters are making identical or nearly identical judgments about a phenomenon, often operationalized by fixed thresholds (e.g., difference of ≤1 point on a scale) (Gisev et al., 2013).

5   Explainable AI (XAI): A subset of artificial intelligence methods that aims to make the decision-making processes of AI systems transparent, interpretable, and understandable to human users. Unlike traditional “black-box” models, XAI seeks to provide insights into how AI algorithms reach their conclusions, enabling users to trust and effectively interact with AI systems. This approach is particularly important in contexts like healthcare, finance, and education, where understanding AI decisions is crucial for accountability, fairness, and ethical considerations.

6   Source: https://www.ibm.com/watsonx.

7   Source: https://socrat.ai/.

8   Source: https://www.hepi.ac.uk.
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Background: The study examined university faculty members’ perspectives on Generative Artificial Intelligence (GenAI) tools, focusing on their awareness, perceived benefits, concerns, and uses and applications in education.
Methods: The study employed a cross-sectional descriptive research design in which data were collected using a questionnaire instrument in the summer semester of the 2023/2024 academic year. The number of participants was 102 Kuwaiti faculty members.
Results: The results showed that participant had a moderate awareness of GenAI tools, with some key areas standing out, i.e., their impact on education, ethical implications, and ease of use. Faculty members had positive and high perceptions of the benefits of GenAI tools and their applications in education, particularly in reducing administrative tasks, supporting research, fostering innovation in curriculum design, and enhancing online learning. In addition, results showed that faculty members had a moderate concern regarding GenAI and their application in education. The key problems were related to the contrary effect of GenAI on academic integrity, the potential for plagiarism, over-reliance on these tools, over-dependence on technology, and ethical implications. The participants reported moderate but lower utilization of GenAI tools than their awareness and perceptions. The results revealed significant gender-based differences in participants’ awareness, perceived benefits, and utilization of GenAI tools. In contrast, no significant variations were found in faculty members’ awareness, perceived benefits, concerns, and utilization levels based on academic rank.
Conclusion: Based on the findings, the study recommended providing professional development programs for faculty members and students and issuing guidelines and policies to ensure the efficient and ethical use of GenAI tools for educational purposes.
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1 Introduction

Generative Artificial Intelligence (GenAI) has emerged as a significant force, transforming various domains, including healthcare, education, academic research and publishing, the creative industries, and business operations (Dwivedi, 2025, p. 82). GenAI offers new possibilities for innovation, creativity, and efficiency (Amankwah-Amoah et al., 2024; Gasaymeh et al., 2024). GenAI tools have diverse applications in several fields. For example, in the medical field, GenAI tools can help in providing virtual health assistants, checking symptoms, providing treatment recommendations, providing therapeutic support for patients, and offering personalized health advice (Javaid et al., 2023; Iftikhar et al., 2023; Garg et al., 2023). In the business field, GenAI tools can help in providing customer service and support, facilitating sales and marketing, facilitating internal communication and collaboration, providing financial analysis, and analyzing customer reviews (George and George, 2023; Waghmare, 2023; Nugroho et al., 2023). In art, GenAI tools can help artists and designers create new pieces of art, music, and design (El Ardeliya et al., 2024).

However, GenAI tools have a particularly growing influence in the education sector. GenAI tools provide diverse services for educators and students. For instance, GenAI tools can help in providing personalized and interactive learning experiences (Pesovski et al., 2024), developing curriculum and educational content (Zhang and Tur, 2024), facilitating students’ assessment (Lo, 2023), and providing professional development opportunities for educators (Siminto et al., 2023). GenAI tools have several capabilities that are significant in transforming traditional educational practices that include but are not limited to, creating various formats of educational content, summarizing educational content, translating languages, generating personalized and adaptive educational content, helping in writing and editing, generating natural responses, generating descriptive captions for images, and answering questions about images (Khan, 2023; Al-Shamayleh et al., 2024; Mohamed et al., 2024).

Based on training data, GenAI is a type of artificial intelligence that has been used to create various types of content, that is characterized as being coherent, contextually appropriate, new, and unique; examples of this content include text, audio, video, music, image, multimedia, and art (Anantrasirichai and Bull, 2022). There are several examples of GenAI models. All these models generate content in various formats and using various techniques. In the meantime, transformer models, particularly those based on the Generative Pre-trained Transformer (GPT) architecture, are popular for generating human-like text. They can engage in verbal and written discussions with humans, write essays, answer questions, and carry out conversations.

Several GenAI tools are becoming widely adopted by educators and students for educational purposes. Examples of these tools include OpenAI ChatGPT models, that has been widely used for assisting students with homework, providing educational explanations, generating essays, offering writing prompts, acting as a virtual tutor for various subjects, creating educational material, assisting educators in curriculum development and creating educational content (Adeshola and Adepoju, 2023; Lo, 2023). Other popular examples of GenAI tools are OpenAI DALL-E and Stable Diffusion, which have been used for creating visual content for educational materials, generating illustrations for stories, and designing interactive learning aids (Ibodulla O’gli and Sabapathy, 2024; French et al., 2023). In addition, that have been used for video generation, such as Synthesia and Pictory (Cho et al., 2024), and code generation, such as GitHub Copilot and TabNine (Kapitsaki, 2024). Furthermore, some GenAI tools are popular in creating art and design, such as Artbreeder and DeepArt (Zheng et al., 2024).

Faculty members can use GenAI tools in the teaching process to create lecture notes, presentations, supplementary educational materials, interactive simulations, quizzes, and virtual labs (Aithal and Aithal, 2023). In addition, they can use these tools to offer personal assistance to students (Labadze et al., 2023). GenAI tools can help educators in the evaluation process. For instance, GenAI tools can be used to offer immediate feedback on students’ performance (Chaudhry et al., 2023; Chan and Colloton, 2024), and predict their success (Rasul et al., 2023). In addition, faculty members can use GenAI tools to help them conduct research. For instance, these tools can help develop the literature review (Alshami et al., 2023), generate research questions, and perform advanced data analysis (Aithal and Aithal, 2023). Furthermore, GenAI tools can be used in refining research papers and managing citations (Aithal and Aithal, 2023). In the administrative process, GenAI tools can be used to accomplish several tasks, e.g., to handle routine inquiries from students (Michel-Villarreal et al., 2023) and coordinate departmental activities. Based on the various applications of generative AI in educational settings, alongside ongoing debates about its proper use by students, faculty members must guide their students in the appropriate and ethical use of these tools (Michel-Villarreal et al., 2023). Developing countries are striving to harness the power of integrating Information and Communication Technology (ICT) in education, as evident in the various research studies that examine the adoption and use of various ICT in the educational systems (Gasaymeh, 2018; Gasaymeh and Waswas, 2019; Almisad, 2019; Almisad and Alsalim, 2020; Hussain et al., 2024; Almisad et al., 2024). GenAI is an example of ICT representing powerful tools that might reshape the educational systems worldwide. In line with Kuwait’s Vision 2035, the country aims to develop key sectors and promote technological innovation, particularly in artificial intelligence, to keep pace with the global digital transformation. This includes advancements in higher education, where efforts are focused on preparing qualified national cadres capable of addressing future challenges and meeting the evolving demands of the labor market in an increasingly digital world (Al-Husseini, 2023; Alhasan, 2024).

Since GenAI tools are poised to be key players in future educational systems, understanding faculty members’ perspectives is crucial for understanding the status and successful future adoption of GenAI tools in higher education. Understanding faculty members’ perspectives on GenAI might help in addressing possible concerns, recommending necessary training, informing professional development programs related to GenAI tools, fostering a supportive environment for GenAI tools implementation, evaluating the pedagogical impact of GenAI tools, and providing feedback on how GenAI tools affect teaching methods and students’ engagement. In addition, faculty members play integral roles in setting up the ethical guidelines for using GenAI tools in higher education. Therefore, the current study examined university faculty members’ perspectives on GenAI tools, focusing on their awareness, perceived benefits, perceived concerns, and uses of these tools and their applications in education.


1.1 Awareness of GenAI among educators in higher education

Individuals’ awareness of GenAI tools involves multiple dimensions. A foundational layer of awareness of GenAI is understanding the basic concepts of this technology, such as deep learning, neural networks, and machine learning techniques (Foster, 2019) that represent how GenAI tools create new content through learning patterns from existing data. Besides understanding the basic concepts of GenAI, individuals’ awareness of GenAI involves understanding how GenAI models operate. A prominent example of GenAI is ChatGPT, which operates based on deep learning, particularly transformer neural networks, to create bodies of writing that are like human writing. The process includes data preparation and transformer-based model training (Roumeliotis and Tselikas, 2023; Gupta et al., 2024). The other phases are input processing; context understanding; text generation; and sequence generation; decoding, and output processing (Roumeliotis and Tselikas, 2023; Gupta et al., 2024).

Educators’ awareness includes knowing GenAI’s teaching and research applications. In higher education settings, awareness includes recognizing GenAI’s potential for content development, including its ability to assist in curriculum design and instructional material creation (Michel-Villarreal et al., 2023; Chan and Colloton, 2024). In addition, educators’ awareness also includes understanding the potential research-related functionalities of GenAI (Aithal and Aithal, 2023; Alshami et al., 2023). However, awareness of GenAI tools should involve understanding ethical implications and challenges associated with these tools in educational settings, such as issues related to bias and fairness (Eckert, 2024), academic integrity (Michel-Villarreal et al., 2023), privacy and data security (Gupta et al., 2023), transparency of use (Camacho-Zuñiga et al., 2024), and content quality.

Educators’ awareness of GenAI tools involves their beliefs about the significant potential impact of these tools on the teaching and learning process. For example, educators’ awareness of GenAI includes understanding its potential to enhance student engagement and personalize learning experiences. This awareness extends to recognizing how GenAI tools can be applied in educational settings to automate content creation, promote and streamline administrative tasks (Michel-Villarreal et al., 2023; Chan and Colloton, 2024). In the educational environment, discussions among educators about the implications and applications of GenAI in the educational setting represent an indication of their awareness of these tools, where such conversations would facilitate knowledge sharing, identify opportunities, and promote critical thinking about the GenAI’s capabilities and limitations in the educational settings (Al-Mughairi and Bhaskar, 2024). Educators’ confidence in using GenAI tools reflects their awareness of the technology, when they believe that they can master using and employing GenAI tools, they are more likely to invest time and effort into learning about them (Wang et al., 2021). In addition, high self-efficacy regarding using GenAI might increase their engagement with such technology, reduce resistance to using this technology, encourage continuous learning about this technology, and enable taking the right decision regarding employing GenAI tools in their educational practice (Wang et al., 2021).



1.2 Potential benefits of the use of GenAI in higher education

There are several possible benefits of using GenAI tools in education. Using GenAI tools in education would increase student engagement in different ways (Meli et al., 2024). For example, GenAI can facilitate educational role-playing scenarios (Salinas-Navarro et al., 2024). In addition, GenAI tools can be used to increase student engagement through facilitating virtual labs (Borah et al., 2024), adaptive quizzing (Klein and Kovacs, 2024), scenario-based learning (Bai et al., 2024), and engaging discussions. Furthermore, GenAI tools would help enable personalized learning experiences for students (Bdoor and Habes, 2024; Graefen and Fazal, 2024; Leelavathi and Surendhranatha, 2024). Furthermore, GenAI tools have been used to develop 21st-century skills for university students that are necessary for the future workforce (Chiu, 2023).

GenAI tools can save faculty time by handling grading, feedback, and administrative tasks (Michel-Villarreal et al., 2023). In addition, GenAI tools can provide faculty members with valuable help in conducting research, where they can be used in analyzing qualitative and quantitative data and writing literature reviews (Aithal and Aithal, 2023). Furthermore, in the teaching process, GenAI tools can help faculty members design and deliver curriculum and educational content (Adeshola and Adepoju, 2023; Lo, 2023). GenAI tools support the design and delivery of blended and online courses (Nikolopoulou, 2024).



1.3 Potential concerns regarding the use of GenAI in higher education

Using GenAI tools in higher education environments might raise several concerns. One concern is the quality and accuracy of GenAI content, which may be inconsistent, biased, or outdated (Pathak, 2023). Another possible concern is the financial costs of implementing and maintaining GenAI tools in higher education systems.

Faculty members have a common concern regarding the implementation of GenAI in education that the students may become overly reliant on these tools for their assignments and learning due to several factors, i.e., ease of accessing these tools, high quality of generated content from these tools, and students’ lack of confidence (Sharma and Yadav, 2022). Students’ over-reliance on these tools might cause academic problems such as hindering skills development, reducing creativity, and decreasing critical thinking (Yuan et al., 2024). Students’ reliance on GenAI tools may compromise academic integrity by enabling plagiarism, cheating, and data fabrication in research, writing, exams, and group work (Mahmud, 2024). Furthermore, using GenAI tools in educational settings might cause over-dependence issues among educators too (Holmes, 2023). In addition, faculty members’ reliance on GenAI tools might undermine traditional teaching practices and the roles of educators. In addition, the widespread use of different forms of electronic learning driven by GenAI in educational institutions might raise concerns about job security for educators (Meniado, 2023).



1.4 Uses of GenAI in higher education

Building on the preceding discussion of educators’ awareness and perceptions of GenAI tools, this section illustrates how that awareness is translated into practical applications within higher education. It presents specific examples of how faculty members utilize GenAI technologies to enhance teaching, students’ learning, and research activities. Faculty members can use GenAI tools to create various types of educational content (Lo, 2023). Furthermore, GenAI tools can help educators develop curriculum materials (Zhang and Tur, 2024).

GenAI tools can facilitate discussions among students and between students and their instructors (Lin et al., 2024). Furthermore, GenAI tools can be incorporated into lectures to help answer students’ questions and provide additional explanations on complex topics (Labadze et al., 2023). In the context of teaching, faculty members can use GenAI tools to facilitate academic joint projects with other colleagues (Al-Zahrani, 2023).

Beyond in-class support, GenAI tools can also aid student learning outside the classroom. For instance, instructors can design assignments that encourage students to use GenAI tools to get through these assignments (McGuire et al., 2024). In addition, students can use GenAI tools to support their understanding by clarifying concepts (Karthikeyan, 2023). Students can use GenAI tools to practice problems with instant feedback and to support their writing (Karthikeyan, 2023). GenAI tools play an increasing role in evaluating the process of students’ learning. For instance, educators can employ GenAI tools to provide feedback on students’ work (Lo, 2023).

Educators can also use GenAI writing tools in their research activities. GenAI writing tools can for educators in their research activities (Alshami et al., 2023; Aithal and Aithal, 2023). GenAI writing tools can help educators draft professional emails and generate administrative documents (Michel-Villarreal et al., 2023; Chan and Colloton, 2024).




2 Previous studies

The literature review shows that previous studies examined educators’ perceptions of and uses of GenAI writing tools. For instance, in the Philippines, Goli-Cruz (2024) examined university faculty members’ perceptions of the use of a GenAI writing tool, i.e., ChatGPT, in education. The research followed a qualitative research approach in which 20 faculty members were interviewed. The results showed ChatGPT’s positive and negative impacts on higher education. For instance, the participants believed that ChatGPT could be a helpful learning tool in encouraging shy students to learn and cultivating students’ ability to think critically and independently. In addition, the participants believed that ChatGPT can help streamline repetitive tasks for educators. On the other side, the participants believed that using ChatGPT in education might hinder students’ critical thinking abilities and lead to an over-reliance on technology.

In another study that was conducted in Oman, Al-Mughairi and Bhaskar (2024) examined university educators’ perspectives of GenAI writing tools in higher education in terms of the factors that would affect their adoption of such tools, focusing on ChatGPT. The study followed a qualitative research design in which 34 educators conducted in-depth interviews. The results showed that participants’ primary motives for adopting ChatGPT were exploring innovative education technologies, facilitating personalized teaching and learning, saving time, and contributing to their professional development. However, participants reported some concerns regarding the adoption of ChatGPT related to the generated content’s reliability and accuracy, reduced human interaction, privacy and data security, lack of institutional support, and overreliance issues.

In Bulgaria, Kiryakova and Angelova (2023) examined university faculty members’ perceptions of using the GenAI writing tool, i.e., ChatGPT, in teaching. The study followed a cross-sectional descriptive research design in which 87 faculty members completed an online questionnaire. The results showed that the participants had an overall positive attitude regarding implementing ChatGPT in their teaching practice. They believed that using ChatGPT Boosts engagement, creativity, and efficiency. However, the participants reported some concerns regarding the use of ChatGPT in education, including the unethical use of ChatGPT. In another interesting research conducted in the United States, Mamo et al. (2024) conducted a study that aimed to understand faculty attitudes toward the GenAI writing tool, i.e., ChatGPT. The research involved analyzing the sentiments of a set of tweets that included the hashtags “#ChatGPT” and “#highered” over about six months. The results showed that 40% of the sentiments expressed were positive, 51% were neutral, and 9% were negative.

In Korea, Jiyoung et al. (2024) examined faculty members’ perceptions and usage of the GenAI writing tool, i.e., ChatGPT. The research followed a descriptive design in which 341 faculty members completed a survey. The results indicated that participants had prior experience using ChatGPT for personal purposes, including information searches and satisfying curiosity. However, they used it less for teaching purposes. The participants believed that ChatGPT was a valuable tool in education for translation and summarization services. However, they reported concerns about the spread of disinformation associated with using such technology.

In Pakistan, Malik (2024) investigated faculty members’ perceptions about using the GenAI writing tool, i.e., ChatGPT, in higher education regarding perceived challenges and opportunities. The study followed a qualitative design in which eight faculty members participated in semi-structured interviews. The results showed that only half of the participants were active users of such technology. The participants reported several benefits of using ChatGPT, including the capability of ChatGPT to generate human-like text, give feedback on work, develop assessment and evaluation activities, find answers to queries, assist in research activities, and save time by doing routine administrative work. However, the participants reported some challenges related to the use of ChatGPT in education, such as the negative adverse effect of such technology on students’ writing skills through overreliance on it and its contributions to plagiarism and academic fraud. In another study in Indonesia, Firaina and Sulisworo (2023) examined lecturers’ views and the rationality of lecturers in using the GenAI writing tool, i.e., ChatGPT, for academic purposes. The study followed a qualitative research design in which five university lecturers participated. The results showed that the participants reported using ChatGPT to find information, translate text, and deepen their understanding of some educational topics. However, the participants reported some issues related to the use of ChatGPT in education regarding the reliability and accuracy of the generated AI content.

In another study in the United States, Amani et al. (2023) examined faculty members’ and academic staff’ perceptions of using GenAI tools in academia. The study focused on ChatGPT as an example of a GenAI tool. The study followed a descriptive research design in which 243 faculty and staff completed a survey. The results showed that 64% of faculty/staff have an account and have used ChatGPT. The participants reported using these tools to ask technical questions, ask general knowledge questions, and carry on a conversation out of curiosity. In addition, the results showed that about half of the faculty members and academic staff felt comfortable with their students using ChatGPT. The participants stressed the benefits of ChatGPT in facilitating personalized learning and providing effective and instant feedback. However, the faculty members and academic staff believed that ChatGPT raised some concerns related to academic dishonesty and students’ critical thinking and problem-solving skills. In another study, Black (2024) conducted a study that aimed to examine faculty members’ adoption of GenAI. The research followed a descriptive design in which 214 faculty members completed a questionnaire. The results showed that most participants were identified as adopters of GenAI tools.

Some of these studies focused on the faculty members’ perceptions and uses of GenAI writing tools in specific majors. For example, Elsaadany (2024) examined faculty members’ perspectives of a specific GenAI writing tool, i.e., ChatGPT, in English as a Foreign Language (EFL) Classrooms. The research followed a descriptive research design in which 36 faculty members completed a questionnaire instrument. The results showed that most EFL professors had a negative perception regarding using ChatGPT in EFL teaching and learning in higher education. Their concerns were related to plagiarism and students’ overreliance on chatbots. However, some participants recognized the positive aspects ChatGPT can offer, e.g., creating educational materials and resources, enhancing students’ motivation, and saving their time. In addition, the results showed that participants’ perceptions of using ChatGPT did not differ based on their gender.

The examined literature shows multiple studies examining educators’ and academic staff’s perceptions and uses of GenAI tools, focusing on the famous tool, i.e., ChatGPT, in higher education. These studies employed qualitative and quantitative research designs. The examined studies use several data collection tools, including interviews, surveys, and sentiment analysis. The results showed a mix of positive and negative perceptions. On the positive side, participants acknowledged the benefits of GenAI tools in saving time, enhancing personalized learning, fostering students’ engagement, and assisting in routine academic tasks. However, significant concerns were raised regarding the potential over-reliance on technology, the risk of undermining students’ critical thinking skills, issues of academic integrity such as plagiarism, and the reliability of AI-generated content. Some examined studies also highlighted the ethical implications of using GenAI tools in education.

The existing literature indicates various statuses in which GenAI tools like ChatGPT were used in higher education, offering significant benefits and presenting challenges for faculty members. Given these mixed perceptions and the use of GenAI tools, there is a need to understand faculty members’ perspectives on GenAI tools in a specific cultural context. In addition, given the lack of studies that focused on the multiple dimensions of faculty members’ perspectives regarding the use of GenAI in higher education, previous studies focused on the general perception and use of GenAI in higher education among faculty members. There is a lack of studies that have comprehensively addressed multiple dimensions of faculty perspectives—such as awareness, perceived benefits, concerns, and actual usage—regarding GenAI in higher education, particularly in the context of the Arab world. The study examined Kuwaiti university faculty members’ perspectives on GenAI tools, focusing on their awareness, perceived benefits, concerns, and uses of these tools and their applications in education.

This research is expected to provide insights to inform the development of tailored strategies for integrating GenAI tools. In addition, the results are expected to help educators and policymakers consider the benefits while addressing the concerns associated with the use of GenAI tools in higher education. The findings of the current study might help ensure that using GenAI tools not only improves educational outcomes and enriches students’ learning experiences but can also support academic integrity in various ways.



3 Research method

This study used a cross-sectional descriptive research design to examine Kuwaiti faculty members’ perspectives on GenAI tools. The participants were asked to complete a questionnaire. The following sections outline the research questions, participants, data collection tool, the study settings and procedure, and the data analysis process.


3.1 Research questions

The current research has the following research questions that guide the investigation of Kuwaiti university faculty members’ perspective on GenAI tools in terms of their awareness, perceived benefits, perceived associated concerns, and use of these tools in higher education:


	1. What is the level of awareness among faculty members regarding the GenAI tools and their applications in education?

	2. What are faculty members’ perceptions of the benefits of applying GenAI tools in education?

	3. What are faculty members’ concerns regarding the applications of GenAI tools in education?

	4. What is the level of utilization of GenAI tools by faculty members in education?

	5. How do the levels of awareness, perceived benefits, perceived concerns, and utilization of GenAI tools in education differ among faculty members based on gender and academic rank?





3.2 Participants

The participants in the current study were a group of faculty members from two universities in Kuwait. Based on their gender, the participants in the current study demonstrate a balanced distribution. The representative sample of males and females helps examine gender-related differences in faculty members’ perspectives on GenAI tools in higher education.

The participants’ ages varied, with most between 40 and 57 and fewer in younger or older age groups. Like the broad age range, participants varied in their years of experience in higher education, including both early-career and late-career faculty. Participants varied in academic rank, with representation across lecturers, assistants, associates, and full professors. This distribution reflects a balanced mix of seniority, aligning with participants’ age and experience levels.

Finally, regarding the faculty of the participants, about half (49%; n = 50) were from the College of Education, while the rest came from other faculties. Such distribution allows us to focus on educational fields while still maintaining some cross-disciplinary perspectives. The large number of participants from the College of Education might be because many of them know the researchers, which motivates them to complete the questionnaire. Table 1 shows a descriptive summary of participants’ demographic data.


TABLE 1 Descriptive summary of participants’ demographic data.


	Variable
	Category
	Frequency
	Percent

 

 	Gender 	Female 	52 	51


 	Male 	50 	49


 	Age 	34–39 	5 	4.9


 	40–45 	26 	25.5


 	46–51 	16 	15.7


 	51–57 	27 	26.5


 	58–63 	12 	11.8


 	More than 63 	16 	15.7


 	Years of teaching experience 	01-Oct 	35 	34.3


 	Nov-20 	28 	27.5


 	21–30 	24 	23.5


 	More than 30 	15 	14.7


 	Academic rank 	Lecturer 	36 	35.3


 	Assistant Professor 	19 	18.6


 	Associate Professor 	24 	23.5


 	Full Professor 	23 	22.5


 	Faculty 	Education 	50 	49


 	Other 	52 	51




 



3.3 Data collection tool

The data collection tool was a questionnaire. The questionnaire consisted of five sections. The first section consisted of questions regarding participants’ gender, age, academic rank, faculty, and experience in academic work. The second section consists of items that examine faculty members’ awareness of GenAI tools and their applications in education. The number of items in this section is 8. These items were adopted from examined literature (Foster, 2019; Roumeliotis and Tselikas, 2023; Gupta et al., 2024; Michel-Villarreal et al., 2023; Chan and Colloton, 2024; Aithal and Aithal, 2023; Alshami et al., 2023; Eckert, 2024; Gupta et al., 2023; Al-Mughairi and Bhaskar, 2024; Wang et al., 2021). The third section consists of items that examine faculty members’ perceptions of the benefits of applying GenAI tools in education. The number of items in this section is 8. These items were adopted from examined literature (Meli et al., 2024; Salinas-Navarro et al., 2024; Borah et al., 2024; Klein and Kovacs, 2024; Bai et al., 2024; Bdoor and Habes, 2024; Graefen and Fazal, 2024; Leelavathi and Surendhranatha, 2024; Chiu, 2023; Michel-Villarreal et al., 2023; Aithal and Aithal, 2023; Adeshola and Adepoju, 2023; Lo, 2023; Nikolopoulou, 2024). The fourth section consists of items that examine faculty members’ concerns regarding GenAI tools and their applications in education. The number of items in this section is 8. These items were adopted from examined literature (Pathak, 2023; Sharma and Yadav, 2022; Yuan et al., 2024; Holmes, 2023; Meniado, 2023). The fifth section consists of items that examine faculty members’ level of utilizing GenAI tools in education. The number of items in this section is 9. These items were adopted from examined literature (Lo, 2023; Zhang and Tur, 2024; Lin et al., 2024; Labadze et al., 2023; Al-Zahrani, 2023; McGuire et al., 2024; Karthikeyan, 2023; Alshami et al., 2023; Aithal and Aithal, 2023; Michel-Villarreal et al., 2023; Chan and Colloton, 2024).

In the second, third, fourth, and fifth sections, the participants were asked to select one response option from a five-point Likert scale: “Strongly Disagree,” “Disagree,” “Neutral,” “Agree,” and “Strongly Agree.” Each level of agreement corresponded to a specific numerical value ranging from 1 to 5, respectively.

The face validity of the questionnaire was verified by presenting its first draft to a panel of experts with various expertise in the field of education. Cronbach’s Alpha was used to indicate the reliability of each scale in the questionnaire instrument. The Cronbach’s Alpha values ranged from 0.88 to 0.92, and the values of Cronbach’s Alpha are greater than 0.8, indicating “good” internal consistency of the items in the scales (Aron et al., 2005). This suggests that the items within each scale were highly correlated and likely measured the same construct. A summary of the reliability analysis is provided in Table 2.


TABLE 2 A summary of the reliability analysis (N = 102).


	Scale
	Number of Scale Items
	Cronbach’s Alpha

 

 	Awareness scale 	8 	0.88


 	Benefits scale 	8 	0.93


 	Concerns scale 	8 	0.88


 	Use scale 	9 	0.92




 



3.4 Study settings and procedure

The study was conducted in the summer semester of the 2024/2025 academic year. The participants were invited to participate in the current study using online invitation letters and consent forms sent to faculty members via electronic groups. Participation in the study was entirely voluntary. To protect the confidentiality and anonymity of participants, they were informed that their responses would be anonymized, with no identifying information connected to their data. The questionnaire was designed to avoid collecting any information that could reveal participants’ identities. Before participating, respondents were presented with an informed consent form outlining the study’s purpose, how the data would be used, and assurances of confidentiality. The data was securely stored on password-protected servers, accessible only to the researcher. Clear instructions were provided to participants on completing the questionnaire to minimize any potential misunderstandings, and all questions were made mandatory to ensure complete responses.



3.5 Data analysis process

Descriptive analyses were used to answer the first four research questions regarding faculty members’ awareness, perceived benefits, perceived concerns, and use of GenAI tools in education. The descriptive analysis involves determining the mean, standard deviation, and level for each question in the questionnaire and the mean, standard deviation, and level for each dimension.

To qualitatively describe faculty members’ responses to the questionnaire’s items, the current research employs the following criteria to categorize responses on a five-point Likert scale: a mean of 3.67 or higher is classified as “High,” a mean between 2.34 and 3.66 is considered “Moderate,” and a mean below 2.34 is designated as “Low.” This classification method has been adopted from prior studies.

Different forms of statistical tests were employed to answer the fifth question, including t-tests and analysis of variance (ANOVA) tests. Independent sample t-tests were conducted to examine the differences in faculty members’ awareness, perceived benefits, perceived concerns, and utilization of GenAI tools in education based on their gender. Analysis of variance (ANOVA) was conducted to examine variations in faculty members’ awareness, perceived benefits, perceived concerns, and utilization of GenAI tools in education based on their academic rank.




4 Results and discussion


4.1 First research question: what is the level of awareness among faculty members regarding the GenAI tools and their applications in education?

The findings regarding faculty members’ awareness of GenAI tools and their applications in education suggest that they had a moderate level of awareness of these applications. Table 3 shows the means, standard deviations, and levels of faculty members’ responses regarding their awareness of GenAI tools.


TABLE 3 Means and standard deviations of faculty members’ responses regarding their level of awareness of GenAI tools (N = 102).


	
N

	Awareness of GenAI tools
	M
	SD
	Level

 

 	1 	I believe GenAI has the potential to significantly impact education. 	4.17 	1.03 	High


 	2 	I am aware of the ethical implications and challenges associated with GenAI such as bias, academic integrity, privacy and data security, and content quality. 	3.69 	1.30 	High


 	3 	I feel confident in my ability to learn about and use GenAI technologies. 	3.62 	1.23 	Moderate


 	4 	I actively seek out new information and resources to stay updated on advancements in GenAI. 	3.49 	1.23 	Moderate


 	5 	I engage in discussions with colleagues about the implications and applications of GenAI. 	3.12 	1.20 	Moderate


 	6 	I am familiar with the basic concepts of GenAI, such as deep learning, neural networks, and machine learning. 	3.08 	1.12 	Moderate


 	7 	I have used GenAI tools, such as ChatGPT, in my teaching or research. 	3.00 	1.40 	Moderate


 	8 	I understand how GenAI models like ChatGPT operate starting from the training phase to the generation phase. 	2.97 	1.19 	Moderate


 	 	Total 	3.39 	0.90 	Moderate





1 = ‘Strongly Disagree’, 2 = ‘Disagree’, 3 = ‘Neutral’, 4 = ‘Agree’, 5 = ‘Strongly Agree’.
 

The faculty members’ overall awareness of GenAI tools and their applications in education was moderate (M = 3.39, SD = 0.90). There is a strong agreement among faculty members about the current and future impact of GenAI tools on education, as reflected in their positive response to the first statement “I believe GenAI has the potential to impact education significantly” (M = 4.17, SD = 1.03). In addition, faculty members had a high level of awareness of ethical implications and challenges associated with the use of GenAI tools in education reflected in the high mean score of their response to item 2, “I am aware of the ethical implications and challenges associated with GenAI such as bias, academic integrity, privacy and data security, and content quality.” (M = 3.69, SD = 1.30). Similarly, the participants had positive feelings regarding their ability to learn and use GenAI tools, reflected in the moderate mean score of their response to item 3, “I feel confident in my ability to learn about and use GenAI technologies” (M = 3.62, SD = 1.23).

Faculty members disagreed that they know how GenAI models like ChatGPT operate; they responded least positively to item 8, “I understand how GenAI models like ChatGPT operate, starting from the training phase to the generation phase.” (M = 2.97, SD = 1.19). Similarly, faculty members disagreed that they have the knowledge about the technical concepts associated with GenAI tools, e.g., deep learning, neural networks, and machine learning, reflected in their close to neutral response to item 6, “I am familiar with basic concepts of GenAI, such as deep learning, neural networks, and machine learning.” (M = 3.08, SD = 1.12). Another item with a neutral score was item 7, “I have used GenAI tools, such as ChatGPT, in my teaching or research.” (M = 3.00, SD = 1.40).

Faculty members’ responses to the awareness scale showed that they were in the process of getting familiar with and building knowledge about the GenAI tools and their applications in education by looking for more information about GenAI, where the participants agreed to some extent on item 4, “I actively seek out new information and resources to stay updated on advancements in GenAI.” (M = 3.49, SD = 1.23). However, they did not similarly agree that they engage in discussion with their colleagues to know more about GenAI tools and their applications in education, where the participants’ responses to item 5 were close to neutral, “I engage in discussions with colleagues about the implications and applications of GenAI.” (M = 3.12, SD = 1.20).

Faculty members’ moderate awareness of GenAI tools and their applications in education might be attributed to several reasons, including a lack of formal training about them and their applications in higher education and limited actual experiences using these tools. In addition, the participants appear to be influenced by mass media propaganda concerning the ethical implications of AI.

Faculty members’ responses to the first item in the awareness scale suggest that the effect of GenAI tools on education is inevitable. The overall moderate score suggests the faculty members were in a transitional phase and gradually increased their familiarity with these tools. The findings suggest the participants were optimistic about GenAI tools’ transformative potential in education. In addition, they were optimistic about the future impact of GenAI tools on higher education. However, the participants’ knowledge of the technical aspects of GenAI is still limited. Even though the participants reported high self-efficacy when learning about the GenAI tools.

The study’s results concerning the moderate level of awareness of GenAI tools and their applications in education indicate the need to improve faculty members’ awareness and their application in higher education. For instance, faculty members’ high ethical awareness of these tools should be reinforced through discussions on issues related to GenAI such as bias, privacy, and integrity, both at the institutional and national levels. The results showed a critical gap between faculty members’ recognition of GenAI’s transformative potential and their understanding of its operational foundations. This gap suggests that without deep understanding, faculty members might underutilize these tools or misguide students in their responsible use. Furthermore, at the institutional level, the findings suggest university administrators should provide faculty members with structured awareness programs about focus on technical fluency. These structured awareness programs can be in the form of workshops, sandbox environments, and guided experimentation.

These findings aligned with previous studies that showed that some faculty members were familiar with the use of GenAI tools reflected in their experience with these tools. For instance, (Malik’s 92,024) study found that half of the participants were active users of GenAI tools like ChatGPT, and Amani et al.’s (2023) study showed that 64% of faculty and staff had an account and had used GenAI tools like ChatGPT. However, there is a lack of similar studies that directly examined faculty members’ awareness of GenAI tools and the various dimensions of awareness of such tools.



4.2 Second research question: what are faculty members’ perceptions of the benefits of applying GenAI tools in education?

The findings regarding faculty members’ perceptions of the benefits of applying GenAI tools in education suggest that they had highly positive perceptions of these benefits. Table 4 shows the means, standard deviations, and levels of faculty members’ responses regarding their perceptions of the benefits of applying GenAI tools.


TABLE 4 Means and standard deviations of faculty members’ responses regarding their perceptions of the benefits of applying GenAI tools (N = 102).


	
N

	Benefits of GenAI tools
	
M

	SD
	Level

 

 	1 	GenAI can help reduce the time spent on administrative tasks, allowing more focus on teaching and research. 	3.95 	1.10 	High


 	2 	The integration of GenAI fosters innovation in curriculum design and delivery. 	3.94 	1.02 	High


 	3 	GenAI provides valuable support for faculty research activities, such as data analysis and literature reviews. 	3.92 	1.05 	High


 	4 	GenAI tools are particularly beneficial for enhancing the quality and delivery of online learning. 	3.88 	1.09 	High


 	5 	The use of GenAI in the classroom increases student engagement. 	3.67 	1.06 	High


 	6 	GenAI tools, like ChatGPT, enhance the learning experience for students. 	3.66 	1.06 	Moderate


 	7 	Using GenAI in higher education better prepares students for the demands of the future workforce. 	3.64 	1.20 	Moderate


 	8 	GenAI enables more personalized learning experiences for students. 	3.52 	1.10 	Moderate


 	 	Total 	3.77 	0.90 	High





1 = ‘Strongly Disagree’, 2 = ‘Disagree’, 3 = ‘Neutral’, 4 = ‘Agree’, 5 = ‘Strongly Agree’.
 

The faculty members’ overall perceptions of the benefits of applying GenAI tools in educational practices were at a high level (M = 3.77, SD = 0.90), with most of the benefits rated at a high level. Faculty members believed that one of the main benefits of GenAI is to help in administrative tasks; they were found to have responded most positively to item 1, “GenAI can help reduce the time spent on administrative tasks, allowing more focus on teaching and research” (M = 3.95, SD = 1.10). Another closely rated benefit was the one related to the roles of GenAI tools in curriculum development reflected in the high mean score of their response to item 2, “The integration of GenAI fosters innovation in curriculum design and delivery.” (M = 3.94, SD = 1.02). The benefits of GenAI tools in facilitating research and online learning were rated equally high by the faculty members, reflected in the mean score of their response to item 3, “GenAI provides valuable support for faculty research activities, such as data analysis and literature reviews.” (M = 3.92, SD = 1.05) and item 4, “GenAI tools are particularly beneficial for enhancing the quality and delivery of online learning.” (M = 3.88, SD = 1.09).

The faculty members responded less enthusiastically regarding the benefits of GenAI tools in education when it comes to the use of these tools with students. The benefits of the use of GenAI tools in classroom and to enhance students’ learning were rated almost equally by the faculty members, reflected in the high-level mean score of their response to item 5, “The use of GenAI in the classroom increases student engagement.” (M = 3.67, SD = 1.06) and the moderate level mean score of their response to item 6 “Using GenAI in higher education better prepares students for the demands of the future workforce.” (M = 3.66, SD = 1.06).

Faculty members’ perceptions of the benefit related to the role of GenAI tools’ potential to tailor educational experiences to each student’s needs did not match the other level benefits; they responded least positively to item 8, “GenAI enables more personalized learning experiences for students” (M = 3.52, SD = 1.10). Similarly, faculty members moderate level of perception of the benefit related to the role of GenAI tools to prepare students for the demands of the future workforce reflected in their response to item 7, “Using GenAI in higher education better prepares students for the demands of the future workforce.” (M = 3.64, SD = 1.20).

Faculty members’ high overall perception of the benefits of GenAI tools might be attributed to several reasons that include saving their time and efforts, particularly in reducing administrative tasks and paperwork that might distract them from their core academic responsibilities, i.e., teaching and research. In addition, conducting research requires a range of tasks that vary in intellectual demand; therefore, GenAI tools can help in accomplishing some low-order research tasks, e.g., conducting literature reviews, allowing faculty members to focus on higher-order research tasks. Given the increasing demand for online education worldwide, particularly in the last few years with the appearance of the COVID-19 pandemic (Ashour, 2024), faculty members believe GenAI tools can help facilitate high-quality online education. In addition, faculty members usually seek to enhance student engagement (Barkley and Major, 2020), and they believe that GenAI tools can assist in creating more dynamic learning materials. However, the faculty was more cautious about GenAI tools’ direct benefits for students. A possible explanation might be their belief that while they can responsibly use these tools, students might misuse them. This could lead to over-reliance on GenAI tools, affecting academic integrity and hindering students’ learning.

The high overall score suggests that faculty members are confident in GenAI tools’ benefits for accomplishing administrative tasks, developing innovation in curriculum design, facilitating research, and improving online learning.

Faculty members’ cautiousness about the direct benefits for students suggests that they still hesitate to fully integrate these tools into students’ educational activities. These results indicate the need to improve GenAI tools’ applications in higher education by offering training for faculty members to improve administrative efficiency and curriculum design. In addition, training should address the role of GenAI tools in supporting research and enhancing online learning. Furthermore, students should be offered literacy courses about the proper uses of GenAI tools. Institutions should set GenAI use guidelines. Therefore, higher education must also address the perceived boundary between GenAI as a professional tool and a student learning aid by framing GenAI as a replacement and a scaffold for student-centered learning. In addition, policies should clarify the responsible use of GenAI.

These findings regarding the highly perceived benefits of GenAI tools in accomplishing administrative tasks in traditional and online education and helping with research are aligned with Malik’s (2024) study.



4.3 Third research question: what are faculty members’ concerns regarding the applications of GenAI tools in education?

The findings regarding faculty members’ perceptions of the concerns associated with applying GenAI tools in education suggest they had a moderate level of concerns about applying these tools. Table 5 shows the means, standard deviations, and levels of faculty members’ responses regarding their concerns regarding the applications of GenAI tools in education.


TABLE 5 Means and standard deviations of faculty members’ responses regarding faculty members’ concerns regarding the applications of GenAI tools in education (N = 102).


	
N

	Concerns regarding GenAI tools
	

M


	
SD

	
Level


 

 	1 	The use of GenAI raises concerns about academic integrity and the potential for plagiarism. 	3.99 	1.16 	High


 	2 	I am concerned that students may become overly reliant on GenAI tools for their assignments and learning. 	3.85 	1.22 	High


 	3 	The increasing use of GenAI in education could lead to an over-dependence on technology. 	3.81 	1.14 	High


 	4 	I am concerned about the ethical implications of using GenAI in higher education. 	3.74 	1.08 	High


 	5 	I worry that GenAI might undermine traditional teaching practices and the role of educators. 	3.23 	1.15 	Moderate


 	6 	I worry that the widespread adoption of GenAI could threaten job security for faculty members. 	3.17 	1.20 	Moderate


 	7 	I am concerned about the financial costs associated with implementing and maintaining GenAI tools in higher education. 	3.10 	1.04 	Moderate


 	8 	I am concerned about the quality and accuracy of content generated by AI tools like ChatGPT. 	3.07 	1.12 	Moderate


 	 	Total 	3.49 	0.84 	Moderate





1 = ‘Strongly Disagree’, 2 = ‘Disagree’, 3 = ‘Neutral’, 4 = ‘Agree’, 5 = ‘Strongly Agree’.
 

The faculty members’ overall concerns regarding the applications of GenAI tools in education were moderate (M = 3.549, SD = 0.84), with four of the concerns rated high. Faculty members believed that one of the main concerns of GenAI is related to the effect of GenAI tools on academic integrity and the potential for plagiarism, they were found to have responded most positively to item 1 “The use of GenAI raises concerns about academic integrity and the potential for plagiarism.” (M = 3.99, SD = 1.16). Another closely rated concern was the one related to students’ overly reliant on GenAI tools and overdependence on technology reflected in the high mean score of their response to item 2 “I am concerned that students may become overly reliant on GenAI tools for their assignments and learning.” (M = 3.85, SD = 1.22). Furthermore, item 3, “The increasing use of GenAI in education could lead to an over-dependence on technology.” (M = 3.81, SD = 1.14). Another concern rated at a high level was related to the ethical implications of GenAI in higher education, presented in item 4, “I am concerned about the ethical implications of using GenAI in higher education.” (M = 3.74, SD = 1.08).

Faculty members’ responses to the scale of the concerns showed that had a moderate level of concerns regarding the effect of GenAI tools on traditional teaching and the role of educators as well as the threat of GenAI tools on their jobs as educators, where the participants moderately agreed on item 5, “I worry that GenAI might undermine traditional teaching practices and the role of educators.” (M = 3.23, SD = 1.15) and item 6, “I worry that the widespread adoption of GenAI could threaten job security for faculty members.” (M = 3.17, SD = 1.20) Faculty members had close to neutral concerns regarding the quality and accuracy of content generated by AI tools; they responded least positively to item 8, “I am concerned about the quality and accuracy of content generated by AI tools like ChatGPT” (M = 3.07, SD = 1.12). Similarly, faculty members had close to neutral concerns about the cost of using GenAI in education, reflected in their response to item 7, “I am concerned about the financial costs associated with implementing and maintaining GenAI tools in higher education.” (M = 3.10, SD = 1.04).

It is easy to generate content using GenAI tools (Kalla et al., 2023), the ease of generating content using GenAI tools might be one of the reasons behind the faculty members’ concerns about the effect of GenAI tools on academic integrity and plagiarism as well as the ethical implications associated with the use of these tools. In addition, the ease of generating content by GenAI tools might contribute to faculty members’ concerns about students’ reliance on GenAI tools and technology overdependencies. However, faculty members’ concerns about the impact of generative AI on their roles as educators, job security, and the associated costs were less intense than their concerns about these tools’ effects on their students. Faculty members viewed GenAI tools as supplementary tools rather than a replacement for human educators.

The moderate overall score suggests that faculty members are transitioning to accepting GenAI tools and their application in higher education. The findings suggest that faculty members were more concerned about students’ use of GenAI tools, particularly in terms of academic integrity, plagiarism, and over-reliance on technology, rather than the personal impact of GenAI tools on their roles, job security, or traditional teaching practices.

Findings stress the need for clear GenAI rules in student work. Monitoring is needed to ensure integrity and prevent GenAI-related plagiarism. In addition, concerns about students’ overreliance on GenAI tools, as well as the impact of GenAI on traditional teaching, highlight the need to design instruction that balance the use of technology, particularly GenAI, with the promotion of self-regulation and student agency. In addition, the finding suggests the need for training both students and faculty on how to use and critically assess the content of GenAI tools ethically. In addition, the findings necessitate the creation of AI governance frameworks that include clear policies on plagiarism, usage boundaries, and AI-assisted assessment.

The findings regarding faculty members’ concern about issues of academic integrity and plagiarism associated with the use of GenAI in education aligned with the findings of previous studies (Kiryakova and Angelova, 2023; Malik, 2024) which found that faculty members had worries about the unethical use of GenAI tools and possible plagiarism and academic dishonesty associated with the use of these tools. In addition, the findings regarding faculty members’ concern about over-reliance on technology aligned with the findings of a similar study (Al-Mughairi and Bhaskar, 2024). The findings of the current study are supported by Yusuf et al. (2024), who highlighted the significant role of both cultural and institutional contexts in shaping perceptions of GenAI in higher education. Their cross-cultural analysis demonstrated that participants from cultures with high uncertainty avoidance and strong long-term orientation were likelier to associate GenAI use with academic dishonesty and support stricter regulatory measures. Similarly, our study found that faculty members’ concerns—particularly those related to plagiarism, over-reliance, and ethical misuse—may be influenced not only by personal values but also by broader cultural expectations and institutional norms that emphasize academic integrity and traditional pedagogical practices. Furthermore, institutions that structured training may reinforce ambiguity and apprehension among faculty regarding GenAI tools. These findings collectively emphasize the need for culturally responsive and institutionally supported frameworks that provide clear policies, ethical guidelines, and targeted training to ensure the responsible integration of GenAI in educational settings.



4.4 Fourth research question: what is the level of utilization of GenAI tools by faculty members in education?

Regarding the faculty members’ responses to the items indicating their level of utilization of GenAI tools, the results showed that their level of utilization of GenAI was lower than their level of awareness and perceived benefits of these tools. Overall, they demonstrated a moderate level of utilization (M = 2.86, SD = 1.00). Table 6 shows the means, standard deviations, and levels of faculty members’ responses regarding their level of utilization of GenAI tools.


TABLE 6 Means and standard deviations of faculty members’ responses regarding faculty members’ uses of GenAI tools (N = 102).


	
	Uses of GenAI tools
	
M

	SD
	Level

 

 	1 	I use GenAI tools to assist with my research activities, such as literature reviews or data analysis. 	3.15 	1.28 	Moderate


 	2 	I use GenAI tools to help develop new curriculum materials or update existing ones. 	3.11 	1.26 	Moderate


 	3 	I recommend GenAI tools to students for additional support outside of class. 	2.99 	1.19 	Moderate


 	4 	I use GenAI tools to help with administrative tasks, such as drafting emails or creating documents. 	2.92 	1.26 	Moderate


 	5 	I use GenAI tools to assist with providing feedback and grading student work. 	2.87 	1.26 	Moderate


 	6 	I regularly use GenAI tools, such as ChatGPT, in my teaching activities. 	2.62 	1.20 	Moderate


 	7 	I design assignments that require or encourage students to use GenAI tools. 	2.61 	1.32 	Moderate


 	8 	I incorporate GenAI tools into my classroom lectures and discussions. 	2.58 	1.17 	Moderate


 	 	Total 	2.86 	1.00 	Moderate





1 = ‘Strongly Disagree’, 2 = ‘Disagree’, 3 = ‘Neutral’, 4 = ‘Agree’, 5 = ‘Strongly Agree’.
 

The results indicated that participants’ level of agreement regarding the extent of generative AI usage, as presented in the questionnaire, ranged from “neutral” to “agree” across three items: for accomplishing research activities (M = 3.15, SD = 1.28), and developing and updating educational materials such as new curriculum materials (M = 3.11, SD = 1.26). However, for the remaining items, participants’ level of agreement ranged from “disagree” to “neutral.” These items were related to the use of GenAI tools providing additional support for students outside of class (M = 2.99, SD = 1.19), completing administrative tasks (M = 2.92, SD = 1.26), providing feedback and grading student work (M = 2.87, SD = 1.26), teaching activities (M = 2.62, SD = 1.20), designing assignments that involve the use of generative AI tools (M = 2.61, SD = 1.32), and facilitating in class discussion (M = 2.58, SD = 1.17).

A possible explanation of the indecision or moderate level of the utilization of GenAI tools is that the popularity of GenAI tools and their applications in education are still in their early stages, as ongoing debates persist regarding their formal use in education (Strzelecki, 2023). Based on the adoption models, adopting new technologies like GenAI tools can take time (Rogers, 1995) and go through multiple stages such as knowledge, persuasion, decision, implementation, and confirmation (Rogers, 1995). Furthermore, need institutional support and facilitating conditions (Venkatesh et al., 2016) as educators gradually build an understanding of these tools. In addition, the findings regarding the faculty members’ perceptions of the benefits and concerns of GenAI tools contribute to the explanation of the variation in the utilization level of GenAI tools for different purposes, where faculty members were concerned about students’ use of tools.

The findings suggest that faculty members’ use of GenAI tools in education is still in its early stages. Many faculty members can be described as in the “awareness-to-practice” gap, unsure of how to operationalize GenAI in their specific teaching contexts. Faculty members appear open to using GenAI for specific purposes, such as conducting research and developing educational materials, but remain cautious about its use in direct teaching and assessment. This caution likely stems from concerns about potential negative impacts on academic integrity and student over-reliance on GenAI tools.

These findings suggest that while there is some acceptance of GenAI tools in education, institutions should offer targeted support to help faculty members enhance their use of these tools, considering their perceived benefits and concerns. This support could include offering training, providing resources, and developing clear policies and guidelines to govern the effective use of generative AI tools by students and faculty members. In addition, higher education institutions can provide templates for classroom use and communities of practice that allow peer support and experimentation.

The findings regarding the level of utilization of GenAI tools aligned with some research studies that found that faculty members moderately use GenAI tools like ChatGPT to assist in research activities (Malik, 2024) to get through some streamlined repetitive tasks (Goli-Cruz, 2024), while they contradicted other research studies that found faculty members moderately use GenAI tools like ChatGPT teaching and supporting students’ tasks (Amani et al., 2023;)



4.5 Fifth research question: how do the levels of awareness, perceived benefits, perceived concerns, and utilization of GenAI tools in education differ among faculty members based on gender and academic rank?

The differences in participants’ perspectives on GenAI regarding the level of awareness, perceived benefits, perceived concerns, and utilization, and some of their demographic characteristics were examined through t-tests and analysis of variance (ANOVA) tests. Demographic characteristics included gender and academic rank.


4.5.1 Gender and participants’ perspectives of GenAI

Faculty members’ perspectives on GenAI tools regarding the levels of awareness, perceived benefits, concerns, and utilization, were compared, based on gender through t-tests (Table 7).


TABLE 7 Results of t-tests and descriptive Statistics levels of awareness, perceived benefits, concerns, and utilization of GenAI tools by Gender.


	Outcome
	Group
	
t

	df
	
p




	Male
	Female



	
M

	SD
	50
	
M

	SD
	
n


 

 	Awareness 	3.19 	0.88 	50 	3.59 	0.87 	52 	−2.33* 	100 	0.022


 	Benefits 	3.55 	0.92 	50 	3.99 	0.82 	52 	−2.52* 	100 	0.013


 	concerns 	3.60 	0.80 	50 	3.59 	0.88 	52 	1.07 	100 	0.286


 	Uses 	2.66 	1.07 	50 	3.05 	0.90 	52 	2.01* 	100 	0.047





*p < 0.05.
 

The results showed significant variations between male and female participants on their awareness, perceived benefits, and level of utilization of GenAI tools. Female faculty members had a higher awareness, perceived benefits, and utilization of GenAI tools than male faculty members. However, the results showed insignificant variations between male and female participants in terms of their perceived concerns associated with GenAI tools. The findings suggest that despite the differences in awareness, perception of benefits, and use of GenAI tools based on gender, concerns about GenAI tools remain a common issue across genders.

A possible explanation could be that women tend to engage more in collaborative learning environments and are more cooperative and willing to share resources than males (Pearson et al., 1994). As a result, they are more likely to exchange knowledge within peer groups. This networked form of learning may contribute to a higher level of awareness, perceived benefits, and utilization of GenAI tools. However, male and female faculty members perceive similar concerns in using these tools. Therefore, educational institutions may need to provide faculty members with tailored interventions, e.g., training focusing on raising awareness, and perceived benefits promoting actual use of GenAI tools, particularly for males, while simultaneously addressing shared barriers of GenAI tools.

These findings differ from those of Elsaadany’s (2024) study, which found that faculty members’ perspectives of the use of ChatGPT in EFL Classrooms did not differ based on their gender.



4.5.2 Rank and participants’ perspectives of GenAI

Faculty members’ perspectives on GenAI tools in terms of the levels of awareness, perceived benefits, concerns, and utilization, were compared, based on academic rank through One-Way ANOVA tests (Table 8). The ranks of faculty members generally mirror both their ages and academic experiences.


TABLE 8 One-Way ANOVA- faculty members’ responses to the levels of awareness, perceived benefits, concerns, and utilization of GenAI tools for academic rank.


	Outcome
	df
	
F

	
p


 

 	Awareness 	3 	0.15 	0.929


 	Benefits 	3 	0.73 	0.537


 	Concerns 	3 	0.30 	0.824


 	Uses 	3 	0.75 	0.523





1 = “Lecturers,” 2 = “Assistant Professor,” 3 = “Associate Professor,” 4 = “Professor”.
 

The results showed that faculty members’ perspectives on GenAI tools regarding the levels of awareness, perceived benefits, concerns, and utilization did not differ based on their academic rank. This suggests that understanding and adopting these tools are uniform across faculty members’ ranks. A possible explanation of such uniformity is the recent emergence of popular GenAI tools, where the most popular tool among GenAI tools, i.e., ChatGPT, was developed in late 2022 (Rajaraman, 2023); before then, the participants from different ranks had equal exposure to these tools. Educational institutions might need to support all faculty members equally in adopting GenAI tools, without needing to differentiate by academic rank. In addition, pedagogical leadership must be cultivated at all levels to mainstream GenAI use in meaningful, context-sensitive ways.





5 Conclusion and recommendations

Results showed that faculty members had moderate levels of awareness of GenAI tools, with some key areas standing out, i.e., their impact on education, ethical implications, and ease of use. In comparison, some areas were less developed, i.e., functionality of GenAI tools and associated technical concepts. Faculty members had positive and high levels of perceptions of the benefits of GenAI tools and their application in educational practice, particularly in reducing administrative tasks, supporting research, fostering innovation in curriculum design, and enhancing online learning. However, faculty members had a more limited view of the benefits of GenAI tools in some areas, i.e., classroom integration, future workforce preparation, personalized learning, and student learning enhancement.

Faculty members are confident in the benefits of GenAI tools when they employ such tools, but they are more cautious about students’ use of these tools. Results showed that faculty members had moderate concern regarding GenAI and their application of the educational practice. The key concerns were related to the adverse effect of GenAI on academic integrity, the potential for plagiarism, over-reliance on these tools, over-dependence on technology, and ethical implications. However, less intense concerns were reported in other areas, i.e., impact on traditional teaching, shift in educators’ roles, costs, content quality, and job security threat. The findings suggest that faculty members were more concerned about students’ use of GenAI tools rather than the personal impact of GenAI tools. Regarding the actual utilization of GenAI tools in educational practice, faculty members reported a moderate level of utilization of these tools, where they generally agreed or remained neutral about the various possible uses of GenAI tools in their educational practice. The participants reported a lower utilization of GenAI tools compared to their awareness and perceptions of the benefits, indicating that they are still in the early stages of adopting these tools.

The results showed significant variations between male and female participants on their awareness, perceived benefits, and level of utilization of GenAI tools. However, the results showed insignificant variations between male and female participants regarding GenAI tools’ perceived concerns. In addition, the results showed insignificant variations in faculty members’ awareness, perceived benefits, concerns, and level of utilization of GenAI tools based on their rank.


5.1 Recommendations for practice

Based on the findings of this study, several recommendations can be offered for policy and practice concerning the use of GenAI tools or similar technologies in the field of higher education. These recommendations relate directly to strategies that policymakers and practitioners can implement to ensure the successful use and integration of GenAI tools, and the faculty members and their students get the benefit of the use of these tools in the educational practice. The recommendations concerning the use and integration of GenAI tools in educational practice relate to four categories: awareness of faculty members of GenAI tools, their perceived benefits of GenAI tools, their perceived concerns of GenAI tools, and the actual use of GenAI tools in educational practice.

The effect of GenAI tools on education is inevitable, as is evident in faculty members’ responses to the first item in the awareness scale. Faculty members showed confidence to learn about GenAI tools and a willingness to know more about these tools. Therefore, there is a need to enhance their awareness in some areas about the GenAI tools and their application in educational practice, i.e., GenAI tools’ working mechanism, the possible uses of the tools in educational practice, and technical concepts associated with GenAI tools. In addition, there is a need to reinforce their awareness of some common issues regarding these tools, i.e., the effect of GenAI tools on educational practice and associated ethical issues related to GenAI tools. Therefore, policymakers and practitioners should use various ways to increase educators’ awareness about specific GenAI tools and their applications in educational practice. The literature showed some common ways to increase educators’ awareness of specific issues; these ways include training programs (Bayar, 2014), social media platforms (La Rocca and Boccia Artieri, 2022), and involving individuals in policy discussions. In addition, peer learning has proven to be effective in raising educators’ awareness (Topping et al., 2017), Therefore, policymakers and practitioners should facilitate discussion and exchange experiences among faculty members about GenAI tools and their applications in the educational practice of on the institutional, national, and international levels.

Regarding the faculty members’ perceptions of the benefits of GenAI tools, the higher education institutions can take advantage of their high agreement on the benefits of GenAI tools in accomplishing administrative tasks, facilitating research, developing innovation in curriculum design, and improving online learning. This suggests that institutions of higher education could integrate GenAI tools across departments to handle administrative tasks, e.g., grading, providing access to GenAI tools that facilitate research activities, providing training on using GenAI tools for curriculum innovation, and facilitating the delivery of online courses with the aid of GenAI tools. However, the lower perceived benefit of the GenAI tools in enhancing students’ education requires institutions of higher education to issue policies and provide training for faculty members on how to use GenAI tools to enhance students’ learning and to cater to diverse student needs.

Considering faculty members’ high-level concerns in some areas related to GenAI tools and their applications in education, this suggests that institutions of higher education should consider these concerns by establishing guidelines that set up the rules regarding students’ use of GenAI in their academic work, establishing monitoring systems to address the issue of the effect of GenAI tools on academic integrity and the potential plagiarism associated with the use of these tools; provide appropriate resources for faculty members that would detect to plagiarism associated with the use of these tools, provide training for faculty members on how to design assignments that ensure balance use of GenAI tools and encourage critical thinking skills. Given faculty members’ moderate level concerns in some areas related to GenAI tools and their applications in education, institutions of higher education should provide training on how to integrate GenAI tools to enhance traditional teaching methods, provide faculty members with free access to GenAI tools, and implement quality control processes related to generated content of GenAI tools.

Given the moderate utilization of GenAI tools by faculty members, it suggests that while there is some acceptance of GenAI tools in education, institutions should offer targeted support to help faculty members enhance their actual use of these tools, considering both their perceived benefits and concerns. This support could take multiple forms, including providing digital platforms that faculty members can use to present best practices for using GenAI tools. In addition, training could be provided for faculty on how to use GenAI tools to design curriculum, conduct research, facilitate students’ assessment, accomplish administrative tasks, design assignments that require students to use GenAI tools ethically, and use GenAI to facilitate in-class discussion. Furthermore, institutions should provide access to advanced GenAI tools that can be used in research and provide formal guidelines and training for students on how to use GenAI tools responsibly. Finally, the significant variations between male and female participants on their awareness, perceived concern, and level of utilization of GenAI tools suggest that educational institutions should provide faculty members with tailored interventions based on gender.

The current study indicates the requirements for educational management in higher education institutions to facilitate the implementation of GenAI tools by establishing clear policies and investing in infrastructure to support the responsible use of GenAI in higher education. Institutions should monitor usage, encourage cross-departmental collaboration, and align GenAI integration with national digital strategies to enhance teaching, research, and administrative efficiency.

The previous recommendations were based on the findings specific to Kuwaiti faculty members, however, several recommended practices such as the ones that are related to enhancing awareness, offering training, addressing ethical concerns, and integrating GenAI into curriculum and administrative work were potentially generalizable to similar higher education contexts, particularly in the Arab countries or other countries that are looking to integrate digital technology in their higher education systems.



5.2 Recommendations for future studies

Future research studies might be conducted with different study settings, disciplines, research samples, sampling procedures, and data collection methods to gain a comprehensive and deep understanding of faculty members’ perspectives on GenAI tools and their applications in education. The sample size was 102 faculty members, with almost half of the participants from the College of Education. Future research studies should consider a larger sample of faculty members across a range of disciplines to improve the generalizability of the findings. Besides studies investigating faculty members’ perspectives on GenAI tools, there is a need to examine administrators’ perspectives on GenAI tools to provide a more comprehensive view of GenAI acceptance in higher education.

The current study provides several practice recommendations providing professional training programs to promote efficient and ethical use of GenAI tools in educational practice and developing guidelines, policies, and monitoring systems that govern the proper educational uses of GenAI tools in educational practice. Therefore, future studies should be conducted to design and develop these interventions. In addition to providing training to faculty members and developing guidelines of use, the current study recommended facilitating access and integration of GenAI tools for various purposes, e.g., accomplishing administrative tasks, facilitating research, developing innovation in curriculum design, and improving online learning. Therefore, future research should examine how best to integrate GenAI tools into these processes to maximize efficiency without compromising the quality of work.



5.3 Study’s limitations

The current study have some limitations. One of these limitations is related to the representativeness of the participants based on their major. The participants were faculty members from two universities who were invited to participate in the current study using online invitation letters and consent forms that were sent using electronic groups for faculty members. The two institutions were selected due to their accessibility, which facilitated participant recruitment, and data collection. Participation in the study was entirely voluntary. The great majority of participants were from the college of education. Possible explanation might relate to the topic of the research that capture the attention of faculty members from college of education more than other faculty members from other colleges since their majors related to the teaching methods and incorporating new technologies in the educational settings. In addition, faculty members from college of education might complete the questionnaire due to their proximity to the authors and that might cause possible self-selection bias. Such consistency in participants’ majors might limit the generalizability of the findings and limit the capability of examining the difference in the participants’ perceptions based on their major.

In addition to the limitations related to the representativeness of the sample, the exclusive quantitative approach of the current study represents a limitation where methodological triangulation would enrich the findings. Furthermore, the lack of items in the data collection tool that examine most used GenAI tools represent a limitation in the current study.
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Introduction: This study explores how the synergy between Artificial Intelligence (AI) and Experiential Learning enhances students’ creativity through motivation.
Methods: A quantitative survey with 200 purposively selected students was conducted. A structured questionnaire was used to collect data on AI usage, motivation, and creativity.
Results: AI integrated with experiential learning significantly boosts motivation, which in turn increases creativity.
Discussion: The findings support incorporating AI-based experiential practices in education to foster student innovation and engagement.
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1 Introduction

In the contemporary digital age, education is seeing a profound transition driven by technology developments, especially in Artificial Intelligence (AI) and Experiential Learning. These two elements not only serve as tools to make teaching and learning easier, but they also have the power to inspire pupils to be more creative. According to research conducted by Luckin et al. (2016), AI has the potential to personalize learning experiences for students, allowing them to participate in ways that suit their unique needs and preferences. This creates an environment that fosters exploration and innovation, which in turn can enhance students’ creativity.

However, despite the significant potential in the use of AI and experiential learning, there are still challenges that need to be addressed. One of the main issues is a lack of understanding of how these two approaches can be effectively integrated to enhance student motivation and creativity. According to research by Chen et al. (2020), many educators remain hesitant to adopt AI technology due to concerns about its negative impact on social interaction and in-depth learning experiences. Furthermore, data indicates that while students show a high level of interest in technology, they often lack the necessary skills to utilize AI effectively within a learning context (Wang and Wu, 2019).

Understanding how artificial intelligence (AI) and experiential learning (EL) might work together to inspire students to think creatively is the overarching goal of this study (Bellini et al., 2022; Kelley et al., 2023). This project will analyse case studies and empirical data to provide light on how artificial intelligence (AI) may improve experiential learning methods. It will also show how these two approaches can work together to create an innovative and engaging classroom. The overarching goal of this research is to aid in the development of modern learning strategies that are both efficient and effective.

Additionally, this research will present the state of the art in the use of AI and experiential learning, while highlighting the novelty introduced by this study. Although many previous studies have addressed AI in education and experiential learning separately, few have examined the synergistic relationship between the two in the context of enhancing student creativity. Therefore, this research will offer a new perspective that can serve as a reference for educators and decision-makers in designing curricula that are more relevant to the future needs of students.

By illuminating the relationship between AI, EL, and student motivation, this research hopes to assist educators in making more effective use of these three elements in the classroom. As a result, this research will have an effect on regular classroom procedures in addition to adding to the scholarly literature.



2 Literature review


2.1 Artificial intelligence (AI)

According to Amabile (2020), through the provision of timely and relevant feedback and the assignment of tasks that are appropriately suited to students’ ability levels, artificial intelligence (AI) holds great promise for the development of learning environments that foster creativity. Students may be more invested in their education if artificial intelligence (AI) is used to create more tailored and flexible learning environments.

Lin et al. (2021) discovered that students who used AI-powered learning platforms were more motivated to learn than those who used more conventional approaches. More dynamic and engaging learning experiences are crucial for nurturing creativity, and this discovery implies that AI might be a useful tool for promoting such encounters. To top it all off, AI systems can monitor student progress in real time, letting teachers tailor their lessons to the unique requirements of each student.

Learning programs that use machine learning algorithms to personalise information to students’ ability are concrete instances of AI usage in education. To keep students interested and engaged, AI is powering services like Khan Academy and Duolingo’s individualised learning experiences. Students’ computational thinking abilities, a crucial part of their creative development, may be improved via the usage of AI-based technologies, according to research by Yilmaz and Yilmaz (2023).

Moreover, AI can also play a role in fostering collaborative skills through project-based learning. In such contexts, AI can function as a facilitator, assisting students in sourcing relevant materials, organizing tasks, and providing constructive feedback. Brem and Utikal (2019) emphasized that effective time management in creative projects improves outcomes, and AI can contribute to this process by offering tools that help students better manage their time and resources.



2.2 Experiential learning

Experiential learning allows students to participate in real-world experiences that are directly related to their studies, which boosts their knowledge and imagination (Garzón, 2021; Tsai and Tsai, 2018; Rehman et al., 2025). Experiential learning seems to be associated with more intrinsic motivation in students than more conventional forms of education (Combs and Schwartz, 2020).

In every kind of learning setting, but especially in experiential learning, intrinsic motivation is key. Deci and Ryan's (2000) Self-Determination Theory emphasises the significance of satisfying three fundamental psychological needs autonomy, competence, and relatedness—in cultivating intrinsic motivation. Motivated students are more likely to participate actively in the learning process, which fosters the growth of creative thinking.

In experiential learning contexts, highly motivated students tend to be more open to new experiences and more willing to take risks in their learning journey (Tan et al., 2019). This aligns with findings that suggest intrinsically motivated learners are better equipped to overcome challenges and generate creative solutions in complex situations (Yilmaz and Yilmaz, 2023). For instance, in group projects involving real-world problem-solving, intrinsically motivated students contribute more actively and tend to produce more innovative ideas than their less motivated peers.

Artificial Intelligence (AI) can play a pivotal role in supporting student motivation by analyzing learning data and delivering personalized feedback, which enhances engagement and participation (Mazzone and Elgammal, 2019). Recent studies have shown that AI-based tools in education can significantly improve both computational thinking skills and student motivation (Yilmaz and Yilmaz, 2023; Liu et al., 2019; Liu et al., 2020; Liu and Li, 2024). In a study involving high school students, the use of AI-driven programming tasks led to notable increases in students’ confidence and motivation (Lin et al., 2021). Thus, integrating experiential learning with AI technologies can create a more dynamic and innovative educational environment.

The positive impact of AI-supported experiential learning on student creativity has been widely documented. Amabile (2020) emphasizes that creativity can be stimulated in supportive environments that present appropriate challenges. With AI integration, students are exposed to more complex and varied learning scenarios, encouraging them to think creatively and devise innovative solutions. A concrete example can be seen in the use of Augmented Reality (AR) in STEM education, where students interact with virtual objects to better understand complex concepts (Garzón, 2021). Such immersive experiences not only deepen students’ conceptual understanding but also stimulate their creative thinking. Studies have reported that students learning through AR demonstrate significant improvements in creative thinking and collaborative skills (Brem and Utikal, 2019).



2.3 Student creativity

Student creativity is a crucial aspect of education, contributing significantly to the development of critical and innovative thinking skills. In the context of modern education, creativity is no longer seen merely as an innate talent, but as a skill that can be cultivated through various instructional methods. According to Amabile (2020), creativity is influenced by several factors, including the learning environment, motivation, and the use of technologies such as Artificial Intelligence (AI). Research indicates that supportive and motivating environments can significantly enhance student creativity.

One effective approach to fostering creativity is experiential learning. Brem and Utikal (2019) suggest that learning through direct experience encourages students to think beyond conventional boundaries and explore new ideas. Evidence suggests that students are more engaged and creative in project-based learning programs that encourage them to work in groups and solve problems using real-world examples. Here, AI may be a useful tool for improving education by helping students with the idea-exploration process and giving them timely, appropriate feedback.

Students who used AI-integrated learning strategies were more motivated than those who used conventional approaches, according to research by Lin et al. (2021). The ability for students to study at their own speed and manner is a direct result of the customisation and engagement provided by technology, which has boosted their motivation. Thus, by integrating AI with experiential learning, a more vibrant and captivating learning environment may be established for students.

Garzón (2021) explains that Augmented Reality (AR) can create immersive learning experiences where students interact directly with educational content. Research by Combs and Schwartz (2020) further shows that experiential learning integrated with technology enhances students’ engagement within academic communities. Students involved in real-world projects, where they apply their knowledge to solve social or environmental issues, demonstrate significant improvements in creativity and innovation. This highlights that when students are provided with meaningful experiences, they are more likely to develop creative ideas and innovative solutions.



2.4 Motivation

Students are more likely to actively participate in their own learning when they are intrinsically motivated, according to research (Tan et al., 2019), which in turn increases their inventiveness. Students’ intrinsic motivation may be greatly enhanced in a nurturing setting that allows them some degree of independence, according to research by Amabile (2020). Students are more inclined to try new things and be creative when they believe they can influence their own learning. The results are in line with those of Brem and Utikal (2019), who found that students’ creative performance improved when they learnt to effectively manage their time in the classroom. Thus, it is essential for teachers to create a classroom setting that encourages and helps students stay motivated.

According to research (Dana et al., 2021), a significant majority of students who report high levels of motivation also report higher levels of creativity. In this setting, using technology like AI is crucial for enhancing student motivation. According to Yilmaz and Yilmaz (2023), AI has the potential to boost students’ drive to study and develop via personalised learning experiences and appropriate feedback. For instance, learning systems powered by AI may personalise material to match each student’s unique interests and requirements, leading to higher levels of engagement.

The use of Augmented Reality (AR) is a real-life illustration of AI’s impact in the field of education. According to Garzón (2021), students are more likely to actively engage in their own learning when they use AR to build immersive and interactive learning experiences. Thus, integrating AI technology with meaningful learning experiences can create a powerful synergy to foster student creativity.

Moreover, it is essential to consider how learning experiences can be designed to facilitate student motivation. Combs and Schwartz (2020) underscored the significance of learning by doing in the classroom, wherein students gain knowledge via practical application and self-reflection. Students’ understanding is enhanced and their creativity is sparked by this method. By combining deep learning experiences with AI technology, educators can create an environment that simultaneously nurtures motivation and creativity in students.



2.5 AI positively impacts creativity significantly

Amabile (2020) cites research that shows how incorporating AI into the learning process might improve students’ creativity by making the learning process more interactive and personalised. Given this setting, experiential learning takes on further significance as a means to motivate and inspire students to think creatively about their learning. Students’ levels of creativity were far higher in AI-supported experiential learning than in more conventional classrooms, according to research by Chen et al. (2020). Data indicates that 75% of students reported an increase in their creative thinking abilities after engaging in a learning program that integrates AI and hands-on experiences. This suggests that AI is not merely a teaching aid but also a powerful motivator, inspiring students to explore new and innovative ideas.

A study by Chang and Hwang (2021) further supports this, revealing that students involved in AI-assisted experiential learning exhibited a 50% increase in creative ability compared to those following traditional learning methods. This research highlights the importance of integrating AI into experiential learning as a means to foster student creativity. By providing more relevant and engaging learning experiences, AI can help students become more involved and motivated in their educational journey.

Data also shows that students who feel motivated to learn are more likely to take risks and explore new ideas—key components of creativity. A study by van Dorresteijn (2023) found that students in learning environments that support intrinsic motivation experienced a 40% increase in creativity compared to those who did not. This underscores the idea that creating a motivational learning environment through AI and experiential learning can significantly enhance students’ creative potential. Based on this explanation, the proposed hypothesis is:


H1: AI has a significant positive effect on creativity.




2.6 Experiential learning positively impacts creativity significantly

Experiential learning has had a substantial beneficial effect on students’ creativity. Research by Morris (2019) indicates that actual experiences might enhance imagination and creative thinking. In an educational environment, experiential learning—such as collaborative projects, case analyses, and fieldwork—can expand students’ views and challenge them to think beyond conventional limits.

Students who participated in practical learning showed more development in their creative talents than those who passively absorbed knowledge, according to a research by Mertayasa et al. (2024). This provides further evidence that getting students involved in their own education might inspire more profound forms of creativity. Learning by doing helps students not only retain information but also hone the critical thinking and problem-solving abilities they’ll need to succeed in the real world.

Students’ social and emotional abilities, which play a crucial role in the creative process, are also enhanced via experiential learning. Ramish et al. (2024) conducted research. Demonstrates that robust social and emotional competencies enhance students’ capacity for collaboration and innovation. Consequently, experiential learning cultivates creativity and equips students to emerge as proficient leaders in the future (Rambaree et al., 2023; De Araujo et al., 2023). The suggested theory is derived from this explanation:


H2: Experiential learning has a significant positive effect on creativity.




2.7 Motivation positively impacts creativity significantly

Studies demonstrate that students with intrinsic motivation are more likely to participate fully and creatively in their learning (Chi et al., 2021). In the contemporary digital age, the use of artificial intelligence (AI) in experiential learning may markedly elevate student motivation, hence promoting creativity. A research by Hwang and Chang (2018) indicates that collaborative learning enhances students’ social skills and fosters innovative problem-solving abilities. Students who participate in significant learning experiences are more inclined to generate novel and original ideas.

Darfler (2022) conducted a research revealing that students engaged in project-based learning had a 40% enhancement in creativity relative to their peers who just participated in lectures. By integrating AI with experiential learning, instructors may create an atmosphere that enhances engagement and fosters student creativity. When students get a profound comprehension of their capabilities, they are more inclined to embrace risks and investigate novel concepts, which are crucial to creativity. Consequently, the collaboration between AI and experiential learning may cultivate an environment that enhances student creativity via constructive and significant motivation. The suggested theory is as follows:


H3: Motivation has a significant positive effect on creativity.




2.8 AI positively impacts motivation significantly

According to research conducted by Ali et al. (2023), AI has the capability to analyse students’ learning data in real-time and provide tailored recommendations according to their individual needs. Timely feedback enhances student engagement and motivation to pursue further study. AI-driven educational systems such as Duolingo provide immediate feedback that motivates users to continue language practice, hence enhancing their commitment to achieving learning objectives. Chen et al. (2020) conducted a research demonstrating that augmented reality (AR) in education improves student engagement and motivation. These immersive learning experiences enhance students’ comprehension and foster their creativity in problem-solving.

Research by Zhang et al. (2018) further highlights that AI-supported collaboration increases student motivation by fostering a sense of belonging and shared purpose. When students work together on creative projects, they tend to be more motivated to contribute and innovate. Therefore, it is crucial for educators to integrate AI in ways that support and empower students, ensuring that technology serves as a tool to enhance the learning experience rather than replacing the essential human interactions that drive meaningful education. Based on this explanation, the proposed hypothesis is:


H4: AI has a significant positive effect on Motivation.




2.9 Experiential learning positively impacts motivation significantly

Bradberry and De Maio (2019) posits that learning occurs via a cyclical process of experience, reflection, conceptualization, and experimenting. Research indicates that students who participate in deep learning approaches have more motivation than those engaged in conventional learning techniques. Research conducted by Afzali et al. (2021) indicates that students participating in research-based projects exhibit substantial enhancements in learning motivation and engagement. A National Survey of Student Engagement (NSSE) research revealed that 63% of students participating in experiential learning reported greater satisfaction with their educational experience than those using traditional learning techniques (Boggu and Sundarsingh, 2019). This indicates that relevant learning might augment students’ intrinsic drive.

Lau and Snell (2021) asserts that active and reflective learning is essential for fostering creativity. Experiential learning fosters innovation and creativity in students, so enhancing their self-confidence and subsequently elevating their drive to pursue further study. Research conducted by Ryan and Deci (2020) indicated that college students participating in community service initiatives shown significant enhancements in enthusiasm and dedication to their academic pursuits. They believe that their contract positively influences their motivation to engage in academic pursuits and activities. This indicates that experiential learning may significantly enhance student motivation. AI-driven educational systems can provide rapid and precise feedback to learners, so enhancing their feeling of accomplishment and motivation (Schnettler et al., 2020). When students perceive enough assistance, they are more likely to remain motivated and engaged in the learning process (Hands and Limniou, 2023). According to this elucidation, the suggested theory is:


H5: Experiential learning has a significant positive effect on motivation.




2.10 Artificial intelligence (AI) and creativity mediated by motivation

Research has shown that motivation plays a key role in enhancing student engagement and encouraging creative exploration (Anantrasirichai and Bull, 2022). In this context, AI can serve as a significant driver of motivation. Studies indicate that students who use adaptive learning applications exhibit significantly higher motivation and engagement compared to those in traditional learning settings (Wang et al., 2019). This suggests that AI can act as a tool to facilitate more personalized and engaging learning experiences, ultimately fostering students’ creativity.

Research by Beghetto (2023) found that resource-rich environments can enhance student creativity, particularly when supported by intrinsic motivation. Self-Determination Theory (SDT) proposes that intrinsic motivation, which stems from a natural desire to learn and explore, can be stimulated through positive learning experiences (Deci and Ryan, 2000). In this regard, AI can help create more enjoyable and fulfilling learning experiences, thereby strengthening students’ intrinsic motivation.

By leveraging AI to boost student motivation, we not only help them become more engaged in the learning process but also encourage them to think creatively and innovatively. Students that are intrinsically driven are more likely to try new things and think critically, according to the research. In 2024, Kang et al. published a paper. Consequently, it is essential for teachers to comprehend how AI may be used to construct learning spaces that promote inspiration and originality (Kang et al., 2024). Based on this explanation, the proposed hypothesis is:


H6: Artificial Intelligence (AI) has a significant positive effect on creativity mediated by motivation.




2.11 Experiential learning and creativity mediated by motivation

Research data indicates that students engaged in experiential learning exhibit higher levels of creativity compared to those in conventional learning environments (Aşkin Tekkol and Demirel, 2018). A study by Dietrich et al. (2019) found that creativity can be enhanced through active and reflective learning experiences. By integrating experiential learning, students not only gain knowledge from theory but also from hands-on practice, allowing them to develop creative ideas in real-world contexts.

Deci and Ryan (2000) classify motivation into two categories: intrinsic and extrinsic. Intrinsic motivation originates within, derived from internal sources, such as interest and satisfaction, as opposed to extrinsic sources, which are impacted by factors outside of the individual, such as praise and incentives. Within the framework of experiential learning, intrinsic motivation assumes a more pivotal role, since students driven by intrinsic motivation generally exhibit more engagement and creativity in their learning endeavors (Ryan and Deci, 2020).

Research indicates that individuals exhibiting great enthusiasm in experiential learning are more adept at formulating innovative solutions to intricate challenges. Li et al. (2020) discovered that motivated students are more inclined to engage in profound introspection, hence augmenting their creativity. Consequently, it is essential for educators to cultivate an atmosphere that enhances student motivation in experiential learning, thereby promoting creativity and innovation. The suggested theory is as follows:


H7: Experiential Learning has a significant positive effect on creativity mediated by motivation.




2.12 Hypotheses


H1: Artificial intelligence has a positive and significant impact on students’ creativity.
H2: Experiential learning has a positive and significant impact on students’ creativity.
H3: Motivation has a positive and significant impact on students’ creativity.
H4: Artificial intelligence has a positive and significant impact on motivation.
H5: Experiential learning has a positive and significant impact on motivation.
H6: Artificial intelligence has a positive and significant impact on students’ creativity through motivation.
H7: Experiential learning has a positive and significant impact on students’ creativity through motivation.





3 Method


3.1 Research approach

This study uses a survey-based quantitative research methodology to examine the ways in which experiential learning and Artificial Intelligence (AI) work together to inspire and motivate students. Because it permits the gathering of quantifiable data and the testing of hypotheses on the relationships between variables, this approach is suitable. The purpose of the research is to find out how artificial intelligence (AI) might improve experiential learning so that students are more invested in their work and more likely to come up with creative solutions to problems. Previous studies have shown that incorporating AI into the classroom may greatly enhance student performance (AI-Enhanced Learning: A Review of the Literature, 2020).



3.2 Participants/sample selection

The population of this study consists of university students from various higher education institutions in Indonesia. A total of 200 undergraduate students, all enrolled in Faculties of Education and Teacher Training at various public and private universities across Indonesia, took part in the study. To guarantee relevance and depth of knowledge, these participants were hand-picked based on their previous experience with AI-integrated learning environments. With this variety, we should be able to learn more about the effects of AI and experiential learning on students’ creative capacities. According to national statistics, the student population in Indonesia exceeds 8 million, making representative sampling crucial for the validity of the study results (Hermansya, 2022).



3.3 Research instrument

This study involved 200 participants, consisting of graduate students from various programs under the Faculty of Postgraduate Studies, including the Master of Educational Administration, Master of Management, Master of Christian Religious Education, Master of Law, Master of Hospital Administration (MARS), and Master of Electrical Engineering. Participants were purposefully selected to ensure that they had actual experience engaging in learning environments that integrated both Artificial Intelligence (AI) and experiential learning approaches. This selection criterion was crucial to ensure that the data collected genuinely reflected the relationship between the use of AI, experiential learning, student motivation, and creativity in academic contexts (see Table 1).


TABLE 1 Participants.


	Participant group
	Categories
	Frequencies (N = 200)
	Percentage (%)

 

 	Sex 	Male 	72 	36


 	 	Female 	128 	64


 	Age (years old) 	18–22 	46 	23


 	 	23–27 	74 	37


 	 	28–35 	71 	35.5


 	 	>35 	9 	4.5


 	Porgram study 	Faculty of Pascasarjana Program 	200 	100


 	 	Master of Educational Administration 	34 	17


 	 	Master of Management 	21 	10.5


 	 	Master of Christian Religious Education 	38 	19


 	 	Master of Law 	35 	17.5


 	 	Mars 	30 	15


 	 	Master of Electrical Engineering 	42 	21





Sources: Processed by the authors, 2025.
 



3.4 Data collection techniques

Levels of motivation, experiences with AI-based learning, and student inventiveness were the primary factors measured in this study’s structured questionnaire. The purpose of the survey was to determine how artificial intelligence (AI) and experiential learning (EL) affect students’ intrinsic motivation and their capacity for original thought. It was administered both digitally via Google Forms and in printed format to students from Christian universities in Indonesia. The questionnaire consists of multiple sections, including demographic questions, Likert-scale items to assess motivation and creativity, and open-ended questions about students’ experiences with AI in learning. Previous research has indicated that questionnaires are an effective tool for gathering educational data (Motivational Strategies in Experiential Learning Environments, 2021).



3.5 Data analysis procedures

In order to assess how AI and experiential learning affect students’ motivation and creativity, this analysis will be useful. Researchers can find out how much these factors interact and affect students’ learning results by using LISREL. Previous studies have shown that LISREL analysis provides valuable insights into variable relationships in an educational context (Vieriu and Petrea, 2025)


	1. Selection of Analysis Method: Structural Equation Modeling (SEM). This research applied the Structural Equation Modeling (SEM) approach utilising LISREL 8.8 software. The reason SEM was chosen is its ability to handle measurement errors in observable indicators and complicated causal linkages between latent variables. Researchers may conduct a more thorough and precise study using SEM since it enables them to evaluate the measurement model and the structural model concurrently

	2. Measurement model evaluation. Analysing the data began with checking the study's constructs for validity and reliability. These constructs included AI, EL, motivation, and creativity. To determine if an indicator was legitimate, we used the Standardised Loading Factor (SLF). If the SLF was more than 0.5 and the t-value was greater than 1.96, we said that the indication was valid. To determine reliability, two key metrics were used: Average Variance Extracted (AVE)—which should be higher than 0.5—and Composite Reliability (CR), which should be higher than 0.7.

	3. Structural model evaluation. The suggested structural model was used to examine the connections among the latent variables once the measurement model was validated. Including both direct and indirect effects between factors, this research investigated seven hypotheses.

	4. Goodness-of-fit (GOF) model evaluation. The model was also evaluated using various fit indices to ensure that the model adequately fits the empirical data.

	5. Path coefficients and structural equation analysis. The structural model produced two main equations representing the relationships between variables and the level of explained variance (R2) for each dependent variable.

	6. Hypothesis testing and interpretation of results. Hypotheses were tested using the SEM output to determine the significance and strength of each path. Both direct and indirect effects were analyzed, and the role of motivation as a mediating variable was interpreted accordingly.






4 Results and discussion

The validity and reliability of the measurement model were checked using Structural Equation Modelling (SEM) approaches. This was done to make sure that the study variables were reflecting the underlying components appropriately. The principal method for evaluating validity and reliability was Confirmatory Factor Analysis (CFA).

Each indicator’s Standardized Loading Factor (SLF) value was examined to determine validity. The SLF value must be greater than 0.5 for an indicator to be deemed legitimate. We used two important metrics to evaluate reliability: A trustworthy construct is one with a composite dependability (CR) score of 0.7 or above. Dependability is shown when the average variance extracted (AVE) value exceeds 0.5.

The study examined multiple factors, including artificial intelligence, artificial intelligence, motivation, and creativity. It included artificial intelligence as an independent variable and quantified it using 10 measures. It was viewed as an external component. Table 2 and Figure 1 summarize the results of the validity and reliability assessments for these variables. By confirming the measurement model’s robustness, these evaluations guarantee the validity and reliability of the variables and their indicators, paving the way for future investigation.


TABLE 2 Artificial intelligence validity and reliability test.


	Indicator
	Loading factor
	T values
	Measurement error
	LF2
	CR
	AVE

 

 	AI1 	0.783 	13.000 	0.387 	0.613 	 	


 	AI2 	0.808 	13.614 	0.347 	0.653 	 	


 	AI3 	0.751 	12.233 	0.436 	0.564 	 	


 	AI4 	0.742 	12.020 	0.449 	0.551 	 	


 	AI5 	0.803 	13.500 	0.355 	0.645 	0.936 	0.596


 	AI6 	0.836 	14.341 	0.301 	0.699 	 	


 	AI7 	0.751 	12.225 	0.436 	0.564 	 	


 	AI8 	0.820 	13.922 	0.328 	0.672 	 	


 	AI9 	0.789 	13.184 	0.377 	0.623 	 	


 	AI10 	0.614 	9.372 	0.623 	0.377 	 	


 	
∑
 	7.697 	 	4.040 	5.960 	 	





Source: Processed by the authors, 2025 (LISREL 8.8 Output).
 

[image: Path diagram illustrating structural equation modeling, showing ten rectangular variables labeled AI1 through AI10 on the left with corresponding numerical values, each connected by arrows to a single green oval labeled AI on the right, which has a value of 1.000.]

FIGURE 1
 Validity and reliability test of artificial intelligence. Source: Processed by the authors, 2025 (LISREL 8.8 Output).


Table 2 shows that all indicators relating to the artificial intelligence variable have a t-count larger than 1.96, whereas Figure 1 shows that all SLF values are greater than 0.5. The SLF values of all the indicators in this variable are more than the minimum necessary for validity, hence they are all valid.

Since the CR and AVE values for this variable have achieved the minimal level, the reliability test has proven that they are reliable. With an AVE of 0.596 and a CR of 0.936, this variable is very consistently reliable. The data points to the artificial intelligence variable being trustworthy.

According to this research, experiential learning is an independent variable since it is seen as an outside factor. Ten separate metrics were utilized in this investigation. The outcomes of the reliability and validity evaluations for this variable are shown in Figure 2 and Table 3.

[image: Path diagram showing ten rectangular boxes labeled EL1 to EL10, each with an arrow pointing to a green ellipse labeled EL. Numbers on arrows, such as 0.820 and 0.737, indicate factor loadings. Values to the left of each rectangle represent variances or error terms.]

FIGURE 2
 Validity and reliability test of experiential learning. Source: Processed by the authors, 2025 (LISREL 8.8 Output).



TABLE 3 Experiential learning validity and reliability test.


	Indicator
	Loading factor
	T values
	Measurement error
	LF2
	CR
	AVE

 

 	EL1 	0.820 	13.921 	0.328 	0.672 	 	


 	EL2 	0.809 	13.658 	0.346 	0.654 	 	


 	EL3 	0.813 	13.761 	0.339 	0.661 	 	


 	EL4 	0.651 	10.091 	0.576 	0.424 	 	


 	EL5 	0.669 	10.455 	0.552 	0.448 	0.935 	0.592


 	EL6 	0.832 	14.237 	0.308 	0.692 	 	


 	EL7 	0.810 	13.663 	0.344 	0.656 	 	


 	EL8 	0.841 	14.483 	0.293 	0.707 	 	


 	EL9 	0.678 	10.656 	0.540 	0.460 	 	


 	EL10 	0.737 	11.931 	0.457 	0.543 	 	


 	∑ 	7.660 	 	4.082 	5.918 	 	





Source: Processed by the authors, 2025 (LISREL 8.8 Output).
 

As seen in Table 3 and Figure 2, all indicators in the experiential learning variable have SLF values larger than 0.5 and t-counts greater than 1.96. Since their SLF values are higher than the minimum threshold, all of the indicators in this variable are real.

Both the CR and AVE values for this variable are more than the reliability cutoff, according to the reliability test. The average extracted variance for this variable is 0.592, and its composite reliability (CR) is 0.935. From this, we may conclude that the reliability of experiential learning variable is constant. This study views creativity as an endogenous variable, meaning that various other factors influence it. It employs 10 distinct indicators.

As seen in Table 4 and Figure 3, all motivation indications had SLF values greater than 0.5 and t-counts greater than 1.96. Since all indicators in this variable have SLF values more significant than the minimum, they are all valid.


TABLE 4 Validity and reliability test of motivation (M).


	Indicator
	Loading factor
	T values
	Measurement error
	LF2
	CR
	AVE

 

 	M1 	0.764 	12.553 	0.416 	0.584 	 	


 	M2 	0.797 	13.336 	0.365 	0.635 	 	


 	M3 	0.746 	12.121 	0.443 	0.557 	 	


 	M4 	0.759 	12.434 	0.424 	0.576 	 	


 	M5 	0.843 	14.562 	0.289 	0.711 	0.940 	0.610


 	M6 	0.759 	12.423 	0.424 	0.576 	 	


 	M7 	0.771 	12.706 	0.406 	0.594 	 	


 	M8 	0.768 	12.640 	0.410 	0.590 	 	


 	M9 	0.813 	13.759 	0.339 	0.661 	 	


 	M10 	0.787 	13.093 	0.381 	0.619 	 	


 	∑ 	7.807 	 	3.897 	6.103 	 	





Source: Processed by the authors, 2025 (LISREL 8.8 Output).
 

[image: Diagram showing ten gray rectangles labeled M1 to M10 on the left, each connected by arrows to a green oval labeled M on the right. Numbers are shown along each arrow, indicating values ranging from 0.746 to 0.873 pointing toward M, and from 0.289 to 0.424 pointing away from M1 to M10. The value 1.000 appears to the right of M.]

FIGURE 3
 Validity and reliability test of motivation. Source: Processed by the authors, 2025 (LISREL 8.8 Output).


Since the CR and AVE values for this variable have achieved the minimal level, the reliability test has proven that they are reliable. The average variance extracted (AVE) for this variable is 0.610, and its composite reliability (CR) is 0.940. Hence, since we can deduce that the motivation variable exhibits a consistent level of reliability.

Table 5 and Figure 4 show that all indicators of the creative variable have an SLF value more than 0.5 and a t-count greater than 1.96. Because their SLF values are greater than the threshold, we may conclude that all indicators included inside this variable are valid.


TABLE 5 Validity and reliability test of creativity.


	Indicator
	Loading factor
	T values
	Measurement error
	LF2
	CR
	AVE

 

 	C1 	0.807 	13.656 	0.349 	0.651 	 	


 	C2 	0.818 	13.929 	0.331 	0.669 	 	


 	C3 	0.818 	13.924 	0.331 	0.669 	 	


 	C4 	0.822 	14.041 	0.324 	0.676 	 	


 	C5 	0.831 	14.274 	0.309 	0.691 	0.948 	0.646


 	C6 	0.690 	10.951 	0.524 	0.476 	 	


 	C7 	0.844 	14.641 	0.288 	0.712 	 	


 	C8 	0.848 	14.729 	0.281 	0.719 	 	


 	C9 	0.812 	13.767 	0.341 	0.659 	 	


 	C10 	0.734 	11.900 	0.461 	0.539 	 	


 	
∑
 	8.024 	 	3.539 	6.461 	 	





Source: Processed by the authors, 2025 (LISREL 8.8 Output).
 

[image: Diagram illustrating a path model with ten gray rectangular variables labeled M1 to M10, each pointing with arrows to one green oval labeled M. Each path is annotated with a numerical coefficient, and M is marked with value 1.000.]

FIGURE 4
 Validity and reliability test of creativity. Source: Processed by the authors, 2025 (LISREL 8.8 Output).


This variable is reliable, according to the reliability test findings, as its CR and AVE values are more than the minimal level. This variable has a composite reliability (CR) of 0.948 and an average variance extracted (AVE) of 0.646.


4.1 Goodness-of-fit evaluation

Various goodness-of-fit metrics were used to evaluate the model’s adequacy. Initially, evaluate whether the used data can validate the assumptions necessary for structural equation modeling (SEM) analysis. Should these assumptions be satisfied, the model may be evaluated. The following indicators are essential for evaluating appropriateness criteria, together with their respective cut-off values (see Table 6).


TABLE 6 Goodness-of-fit model test.


	No. indices
	Goodness of fit
	Cut-off value Penelitian
	Hasil
	Tingkat Kecocokan

 

 	Absolute fit indices


 	1 	Chi-Square 	< 798.138 	700.535 	Good fit


 	2 	X2 significance probability 	> 0.05 	0.808 	Good fit


 	3 	RMSEA 	≤ 0.08 	0.000 	Good fit


 	4 	RMR 	≤ 0.10 	0.106 	Bad fit


 	5 	SRMR 	≤ 0.08 	0.050 	Good fit


 	6 	(X2/DF) 	< 2 	0.954 	Good fit


 	7 	GFI 	≥ 0.90 	0.850 	Marginal fit


 	8 	AGFI 	≥ 0.90 	0.833 	Marginal fit


 	Incremental fit indices


 	9 	NFI 	≥ 0.90 	0.961 	Good fit


 	10 	TLI (NNFI) 	≥ 0.90 	1.000 	Good fit


 	11 	CFI (RNI) 	≥ 0.90 	1.000 	Good fit


 	12 	RFI 	≥ 0.90 	0.959 	Good fit


 	13 	IFI 	≥ 0.90 	1.000 	Good fit


 	Parsimony fit indices


 	14 	PNFI 	≥ 0.50 	0.905 	Good fit


 	15 	PGFI 	≥ 0.50 	0.761 	Good fit





Source: Processed by the authors, 2025 (LISREL 8.8 Output).
 


4.1.1 Absolute fit indices

There is a discrepancy between the critical value of 798.138 and the Chi-Square (X2) statistic, which is 700.535. Based on these results, it seems like the model is a decent match. The model fit is deemed good with an X2 Significance Probability of 0.808, however an ideal value for this metric would be greater than 0.05.

The Root Mean Square Error of Approximation (RMSEA) in this research is 0.000, indicating a satisfactory match, even though the optimal RMSEA value is less than 0.08. Root Mean Square Residual (RMR) score of 0.106 for this research is below the optimum value of 0.10 and is so deemed to be an unsatisfactory match. The research demonstrates that the SRMR value of 0.050 is acceptable, given that the optimal SRMR value is below 0.08.

A Normed Chi-Square (CMIN/DF) value of 0.798 is considered excellent model fit in this research, since the optimal value for good fit is less than 2. Since the ideal value is more than 0.90, the Goodness of Fit Index (GFI) of 0.850 indicates that it is somewhat fitting. A result of 0.830 for the Adjusted Goodness of Fit Index (AGFI) suggests a poor fit in this research, even though an ideal criteria for excellent fit is > 0.90.



4.1.2 Incremental fit indices

Since an ideal Normed Match Index (NFI) score is more than 0.90, this study’s 0.961 NFI indicates a satisfactory match. With a NNFI of 1.000, we have a very strong match; nonetheless, an ideal NNFI value would be more than 0.90.

Since the ideal CFI threshold is greater than 0.90, the study shows a strong match with a Comparative Match Index (CFI) of 1.000. A Relative Match Index (RFI) of 0.959 indicates a good match; nevertheless, an RFI of 0.90 or above is ideal. The Incremental Fit Index (IFI) is 1.000, which is considered to be an outstanding fit criteria since the ideal IFI value is greater than 0.90.



4.1.3 Parsimony fit indices

Although an ideal Parsimony Normed Fit Index (PNFI) score should be more than 0.50, the current study’s PNFI of 0.905 indicates a very good model fit. Since the ideal Parsimony Goodness of Match Index (PGFI) score should be more than 0.50, the research’s PGFI of 0.761 indicates an excellent match.

In summary, the study model yields a single goodness-of-fit metric classified as poor fit, indicating that its degree of fit is unsatisfactory. Nonetheless, the remaining 14 goodness-of-fit metrics are classified as indicating a good fit, signifying that the bulk of the used model exhibits a high degree of compatibility and is well-suited for study.




4.2 Structural model evaluation

Figure 5, we can see that there are strong positive and negative correlations among all of the factors that were included in this study. The following steps must be taken to build the route coefficient equation or Structural Equation Modeling (SEM) before the hypothesis test can be executed:
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[image: Path diagram showing ten variables labeled C1 to C10, each in a gray box with path coefficients listed beside them, connected by arrows to a green oval labeled C, which has a value of 1.000. Each arrow has its own coefficient, illustrating the relationship strength between each variable and C.]

FIGURE 5
 Path coefficient in the research model. Source: Processed by the authors, 2025 (LISREL 8.8 Output).


According to the given equation, there is a positive relationship between Creativity and the following three variables: Artificial Intelligence (with a path coefficient of 0.215), Practical Learning (with a path coefficient of 0.252), and Motivation (with a path coefficient of 0.282).

From these results, it can be concluded that all exogenous variables (Artificial Intelligence, Experiential Learning, and Motivation) positively influence the endogenous variable (Creativity). In other words, the higher the levels of Artificial Intelligence, Experiential Learning, and Motivation, the higher the Creativity.

The equation above yields a coefficient of determination (R2) of 0.289 (28.9%), indicating that 28.9% of Creativity is influenced by Artificial Intelligence, Experiential Learning, and Motivation, while the Error variance (Errorvar) is 0.711, meaning that 71.1% is impacted by additional variables not detected in this study. The second model equation may be stated as follows:



M
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∗
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∗
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,
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.
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,

R
2
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A path coefficient of 0.388 indicates that the Artificial Intelligence variable has a positive effect on Motivation, while a route coefficient of 0.234 indicates that the Experiential Learning variable has a similar effect on Motivation.

From these results, it can be concluded that all exogenous variables (Artificial Intelligence and Experiential Learning) positively influence Motivation. In other words, the better the Artificial Intelligence and Experiential Learning, the higher the Motivation.

The equation above yields a coefficient of determination (R2) of 0.224 (22.4%), indicating that 22.4% of Motivation is influenced by Artificial Intelligence and Experiential Learning, while the Error variance (Errorvar) is 0.776, meaning that 77.6% is influenced by other factors not observed in this study.

The study variables’ correlation t-value, as computed from data processed using the LISREL 8.80 program, is shown in Figure 6. A statistically significant connection between variables is shown by the dark blue arrow, which signifies a t-value more than 1.96 or less than −1.96. If the t-value has a red arrow, it means that the variables are unrelated.

[image: Structural equation model diagram depicting relationships among latent variables AI and EL (green ovals), mediators M and C (yellow ovals), and observed indicators (gray and blue rectangles). Path coefficients and factor loadings are displayed for each link. Model fit indices given below include Chi-Square equals 700.53, degrees of freedom 734, P-value 0.80774, and RMSEA 0.000.]

FIGURE 6
 T-value of the research model. Source: Processed by the authors, 2025 (LISREL 8.8 Output).



4.2.1 The influence of artificial intelligence on motivation

The t-value is 2.946 (Significant: t-value > 1.96), and the coefficient is 0.215, indicating that the Artificial Intelligence variable positively affects Motivation. The results prove that AI positively and significantly affects motivation, therefore supporting H1.

Ab Rahman et al. (2021) conducted an important study that evaluated AI’s abilities to predict students’ success in the classroom. The study revealed that AI-driven solutions may provide expedited and tailored feedback to students, hence augmenting their confidence and desire to learn (Ab Rahman et al. (2021)).

AI functions not just as an information delivery tool but also as an interactive collaborator in the educational process. Shokri (2021) demonstrated that Natural Language Processing (NLP) technology enhances student involvement in English language teaching. AI may enhance the learning experience by customizing educational materials to align with students’ talents and interests, hence fostering more engagement and motivation (Shokri, 2021). This suggests that AI may serve as a motivating catalyst by promoting a more flexible learning environment.

A survey from MDPI (2023) indicates that 75% of students using AI-based learning tools had heightened desire to learn. This indicates that using AI in education is advantageous for enhancing academic achievement and maintaining students’ motivation for studying. Motivated students are more inclined to participate in creative activities crucial for skill development.



4.2.2 The influence of experiential learning on motivation

With a t-value of 3.627 (Significant: t-value > 1.96) and a coefficient of 0.252, it is clear that the Experiential Learning variable positively affects Motivation. H2 is acknowledged as a consequence of these findings, which show that Experiential Learning significantly and positively affects Motivation. A study by Rahmanipur et al. (2023) found that experiential learning can increase student motivation by up to 30% compared to traditional learning methods. This research highlights that student involved in hands-on activities, such as group projects and simulations, feel more motivated to learn because they can see the direct relevance of what they are studying.

Statistics show that approximately 70% of students engaged in experiential learning report an increase in interest and motivation in the subjects they study (MDPI, 2023). This is due to the fact that students gain self-assurance via the chances presented by experiential learning, which allow them to put their knowledge to use in authentic situations. Experiential learning boosts motivation and encourages students to be creative, according to research by Wang et al. (2023). The study’s authors concluded that students’ capacity for original thought was much enhanced when they participated in project-based learning. According to research by Chen and Huang (2022), students’ motivation may be increased by as much as 25% when artificial intelligence (AI) is used to experience learning. This is because students report feeling more involved and encouraged throughout the learning process.

It follows that students’ motivation is greatly enhanced by experience learning. Artificial intelligence (AI) has the ability to boost motivation and creativity to an even larger extent when paired with other technologies. Educators should seek out and use strategies for student learning that combine theoretical concepts with cutting-edge technological tools in order to make classrooms more interesting and interactive.



4.2.3 The influence of motivation on creativity

Coefficient 0.282 and t-value 3.643 (Significant: t-value > 1.96) demonstrate that the motivation variable positively influences creativity directly. The results show that inspiration significantly and positively affects originality. This finding lends credence to H3, suggesting that motivation may boost imagination.

Students who are intrinsically motivated are more likely to be creative than those whose motivation comes from outside sources (Amabile, 1996). Research by Rahmanipur (2023) indicated that using game-based learning strategies not only made students more motivated, but also helped them strengthen their creative thinking skills. Statistics indicate that 70% of students engaged in game-based learning reported an increase in their learning motivation (Rahmanipur, 2023). This suggests that an interactive and enjoyable learning environment can stimulate intrinsic motivation, which in turn enhances students’ creativity.

Research by Hennessey and Amabile (2010) has shown that a supportive and collaborative environment can boost students’ motivation, positively impacting their creativity. AI can be utilized to analyze data on students’ learning preferences and tailor educational content to match their interests and learning styles, thereby enhancing both motivation and creativity. Researchers Huang et al. (2021) discovered that students who used AI-powered platforms were far more motivated and creative than those who used more conventional learning strategies. This demonstrates how important AI is for developing interesting lessons that motivate pupils to think creatively.

Thus, it is evident that motivation has a significant influence on students’ creativity. Through the right approaches, whether game-based learning or AI integration, educators can cultivate an environment that nurtures and enhances students’ creative potential.



4.2.4 The influence of artificial intelligence on creativity

With a t-value of 5.255 (Significant: t-value > 1.96) and a coefficient of 0.388, it is clear that the artificial intelligence variable positively affects creativity. This research proves that AI significantly and positively affects creative thinking. This discovery lends credence to H4, which means that AI has the potential to boost creativity.

Extensive and encouraging research on the impact of AI on creativity has been conducted. When it comes to creativity, AI is more than just a tool; it’s an ally. Organisational innovation may be greatly enhanced by using AI capabilities, according to Mikalef and Gupta (2021). On a similar note, Haase and Hanel (2023) stated that AI chatbots have now reached human-level creativity, opening opportunities for students to collaborate with AI in generating new ideas. Thus, AI not only helps students find inspiration but also encourages them to think beyond existing limitations.

World Economic Forum research from 2022 found that 70% of teachers who used AI in the classroom saw an increase in student engagement and motivation. One possible explanation is that AI can provide more timely and tailored feedback, two factors that are vital to effective learning. Students’ creative potentials are more likely to be unlocked when they experience a sense of support and encouragement.

To be sure, AI technology is not the only factor that will determine how well it works in the classroom. But also on how teachers and educational institutions implement it. Mazzone and Elgammal (2019) emphasized that to fully leverage AI’s potential in enhancing creativity, a holistic approach involving deep learning experiences is necessary.

Thus, the synergy between AI and experiential learning can create an environment rich in creativity. Students not only learn to generate new ideas, but they also gain a deeper understanding and appreciation of the creative process itself.



4.2.5 The influence of experiential learning on creativity

Table 7 shows that the Experiential Learning variable has a direct effect on Creativity of 0.234, with a t-value of 3.343 (Significant: t-value > 1.96). According to the results, EL significantly and positively affects creativity. This research validates that H5 is accepted, indicating that Experiential Learning may augment Creativity.


TABLE 7 Hypothesis testing result.


	Effect
	Standardized loading factor
	t Value
	Conclusion

 

 	Direct effect


 	H1: AI→C 	0.215 	2.946 	Significant


 	H2: EL→C 	0.252 	3.627 	Significant


 	H3: M→C 	0.282 	3.643 	Significant


 	H4: AI→M 	0.388 	5.255 	Significant


 	H5: EL→M 	0.234 	3.343 	Significant


 	Indirect effect


 	H6: AI→M→C 	0.109 	3.111 	Significant


 	H7: EL→M→C 	0.066 	2.537 	Significant





Source: Processed by the authors, 2025 (LISREL 8.8 Output).
 

Morris (2019) posits that experiential learning is a process wherein information is obtained via direct experience, cultivating an atmosphere conducive to inquiry and invention. Studies indicate that students involved in experiential projects, such as case studies or simulations, exhibit a notable enhancement in their creative thinking skills (Tan et al., 2019).

Ferreira and Sousa (2019) conducted a research revealing that 75% of students engaged in experiential learning programs indicated an improvement in their creative skills. This suggests that practical experiences not only improve conceptual comprehension but also motivate pupils to transcend conventional limits. Experiential learning enables students to use theoretical information practically, often resulting in novel and original concepts.

The interplay between experience learning and intrinsic motivation significantly contributes to the enhancement of creativity. When students are driven to learn via experience, they are more inclined to take chances and investigate new concepts. This indicates that experience learning, when integrated with a motivating strategy, may markedly augment student inventiveness, so equipping them to confront future obstacles.



4.2.6 The influence of artificial intelligence on creativity mediated by motivation

With a t-value of 3.111 (Significant: t-value > 1.96), the Artificial Intelligence variable has an indirect influence of 0.109 on Creativity via Motivation. Through the medium of motivation, the results show that AI has a positive and large effect on creativity. The results show that Motivation mediates the effect of AI on creativity, lending credence to the adoption of H6.

Martín-Núñez et al. (2023) found that students’ computational thinking may be influenced by their intrinsic motivation, which moderates the link between AI-based learning and computational thinking. Students’ computational thinking abilities are enhanced by AI-based learning when they have intrinsic motivation, according to the research. To fully reap the benefits of AI in the classroom, intrinsic motivation is key.

A survey from the World Economic Forum (2022) indicates that almost 60% of educational institutions globally have started the integration of AI technology into their courses. This illustrates an increasing recognition of AI’s capacity to improve students’ educational experiences. Lin et al. (2021) discovered that students exhibiting strong motivation in AI learning outperformed their less motivated counterparts in creative challenges. This suggests that motivation is not only a supplementary feature but a crucial component in enhancing students’ creativity via AI.

An illustrative instance of this synergy is seen in the use of generative AI tools, as examined by Yilmaz and Yilmaz (2023). Their study revealed that AI-driven generative tools not only improve students’ computational thinking abilities but also elevate their self-efficacy in programming and raise their enthusiasm to learn. Consequently, these tools enhance students’ technical abilities while simultaneously fostering creative and imaginative thinking.



4.2.7 The influence of experiential learning on creativity mediated by motivation

There is a 0.066, 2.537 (Significant: t-value > 1.96), indirect effect of experiential learning on creativity via motivation. Experiential learning has a favourable and substantial effect on creativity, according to the results, and motivation is the mediating variable. The results support the null hypothesis (H7), which states that the effect of experiential learning on creativity is mediated by intrinsic motivation.

Numerous studies show that students’ creativity is significantly impacted by experiential learning, especially when students’ intrinsic motivation mediates the relationship. Analysis conducted by Dana et al. (2021) indicates that entrepreneurship education grounded on experience learning may facilitate the growth of technology-based enterprises, with motivation serving as a vital connecting element. Studies demonstrate that practical learning enhances students’ creativity, especially when paired with appropriate motivation (Tan et al., 2019). This essay will discuss the synergy of AI and experiential learning in fostering students’ creativity via incentive, along with a review of pertinent current findings.

Data indicate that students participating in practical learning have elevated creativity levels relative to those who depend only on theoretical learning. Researchers Lin et al. (2021) found that EFL students’ intrinsic motivation and creative self-efficacy were both increased when they used VR to study the language. This suggests that pupils are more likely to think creatively and come up with new ideas when they are engaged and motivated.

Furthermore, research suggests that intrinsic motivation, driven by personal interest and satisfaction, can enhance students’ engagement in the creative process. Tan et al. (2019) found that openness to new experiences can improve students’ creativity, with intrinsic motivation serving as a strong mediator. This highlights the importance of creating a learning environment that supports exploration and experimentation, ensuring that students feel motivated to innovate.





5 Implication and conclusion

Both educational institutions and legislators stand to benefit greatly from this study’s findings. The positive impact of AI and EL on fostering creativity, via the medium of intrinsic motivation, highlights the importance of integrating AI-driven learning methods into academic curricula. Schools and universities should adopt AI-powered tools that provide personalized learning experiences, fostering engagement and innovation among students. Additionally, policymakers must support ethical AI implementation and teacher training programs to ensure educators can effectively utilize AI-enhanced experiential learning. Promoting experiential, technology-oriented instructional methods might more effectively equip students for real-world issues, improving their problem-solving and critical-thinking abilities.

This research enhances the previous literature by illustrating the pivotal role of motivation in connecting AI, experiential learning, and creativity. Nonetheless, its limitations must be recognized. The study focuses on university students, hence limiting its applicability to younger learners. The cross-sectional study approach obtains data at a singular moment, hence limiting insights into long-term impacts. Subsequent research should examine various educational tiers and cultural settings, as well as analyze other possible mediators, such as self-efficacy and engagement, in the correlation between AI-driven learning and creativity.

Future research should expand on these findings by conducting longitudinal studies to analyse the lasting impact of AI-integrated experiential learning on students’ creative development. Comparative studies across various disciplines and industries can provide a broader understanding of AI’s role in fostering creativity. Ultimately, leveraging AI alongside experiential learning offers a transformative opportunity to enhance student creativity, ensuring they develop the necessary skills to thrive in an AI-driven world.
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This study examined the rising importance of generative artificial intelligence (GenAI) in school leadership. Research in educational leadership and management must change to keep up with how digital technology continues to influence organisational procedures and human relationships in organisations in the 21st century. The study explores two key questions: (a) at what stage of adopting innovation are school leaders currently in their use of GenAI (innovators, early adopters, early majority, late majority, or laggards) and (b) which domains of their school leadership work (managerial, instructional, social, political, or moral) are most influenced by their use of GenAI? Data were collected through an online survey of 302 Israeli school leaders (coordinators, subject heads, department heads, school counsellors, vice-principals, principals, etc.). A series of descriptive analyses were conducted to examine the research questions. The findings indicate that currently about 50% of the school leaders in the sample are at the early majority stage of adopting GenAI technology, about to cross into the late majority stage. The results also indicate the rise of AI-assisted instructional leadership above all other domains of school leadership work. Additional analyses indicate some patterns of integration and usage relate to seniority and role type. The study expands our understanding of the rapidly growing effect of GenAI in school leadership in general and AI-assisted instructional leadership in particular. These insights contribute to the limited research on GenAI’s integration into school leadership by offering some of the missing empirical evidence on the scope and direction of the phenomenon.
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Introduction

Artificial intelligence (AI) refers to advanced technology based on natural language processing (NLP) and machine learning algorithms that mimic human thought processes; it is used to design machines that complete human cognitive tasks, including learning automatically from programmed data and information (Aljemely, 2024). Much of the writing on AI and leadership is argumentative, reflecting on near or far-future scenarios in which AI will replace organisational leadership (Quaquebeke and Gerpott, 2023) or act in symbiosis with it (Wang, 2021a, 2021b). Whether these future scenarios will or will not take place, individuals use technology as it suits their work. The wide spread of publicly available GenAI technology that creates new text, picture, and audio material using transformer architectures and deep machine learning algorithms (e.g., ChatGPT, Copilot, Claude, Gemini, and other AI chatbot tools) (Collie et al., 2024) has begun to change societies. A Glassdoor study of 5,000 US professionals from industries such as marketing, health, insurance, law, etc., from January 2024 reported that 62% have used GenAI in their work, doubling the ratio over the previous year (Glassdoor, 2024). A RAND poll from the fall of 2023 reported that a third of US teachers used AI at least once in their work (RAND, 2024). Yet, current empirical knowledge on school leaders’ use of AI is largely missing- for a notable exception, see Tyson and Sauers (2021), which has become obsolete.

Empirical research on teachers indicates that the integration of GenAI in teaching is a revolutionary development that transforms conventional teaching and schooling (Collie et al., 2024), with great potential for changing educational leadership and administration (Arar et al., 2024; Fullan et al., 2024; Wang, 2021a, 2021b). But because empirical evidence is missing, this remains largely a speculation. To fill this gap, the present study explored how school leaders (coordinators, subject heads, department heads, school counsellors, vice-principals, principals, etc.) leveraged GenAI technologies to enhance productivity, creativity, and decision making in leadership and management roles. Based on data collected from 302 Israeli school leaders, the study investigated the following research questions:


	1. What is the innovation diffusion stage (innovators, early adopters, early majority, late majority, or laggards) that best describes the current use school leaders make of GenAI?

	2. For what activity domains or tasks (managerial, instructional, social, political, or moral) do school leaders currently use GenAI more frequently?





Literature review


Conceptual framework

The study draws on Rogers’s (1995) innovation diffusion theory, which explains the gradual spread of novel ideas, products, and practises throughout the population. Rogers identified five categories of innovation adopters in a given population, who can be placed on a temporal spreading timeline of innovation: innovators, early adopters, early majority, late majority, and laggards (see Figure 1). The categories reflect how willingly and quickly individuals adopt innovation. The first to adopt innovation are the innovators, who are frequently daring and willing to try out cutting-edge technology. According to Rogers, this is a small group of about 2.5% of the population. The second-fastest group to accept innovation is that of the early adopters (some 13.5% of the population); these are powerful thought leaders who assist in introducing novel ideas, products, or practises to a wider audience. The third group, known as the early majority, makes up about 34% of the population; they accept innovation more slowly and weigh the experiences of early adopters before embracing a new concept. With the early majority, innovations become part of mainstream society. The fourth group, making up approximately an additional 34% of the population, belongs to the late majority; these are individuals typically resistant to change who embrace innovation only after it has gained widespread acceptance. Last, the group of laggards (16%) are those least adaptable to innovation, who embrace it only when they are required to do so or when more established options are no longer available.

[image: Bar chart showing the percentage distribution of five groups: Innovators with about 2 percent, Early adopters with 13 percent, Early majority and Late majority both near 34 percent, and Laggards with 16 percent.]

FIGURE 1
 Prevalence of innovation groups in society by Rogers (1995).




AI and school leadership

Reflecting on the future of leadership, Quaquebeke and Gerpott (2023) suggested that AI will fully take over the task responsibilities (e.g., monitoring workers’ job progress, providing task-related guidance, etc.), relationship responsibilities (e.g., encouraging staff members based on their preferences, enhancing positive work relationships, etc.), and change-oriented responsibilities (e.g., creating a compelling vision, inspiring followers, etc.) that we normally identify with human leaders. Compared to general leadership studies, research on educational leadership paid relatively little attention to AI, amounting mostly to reflective works (Fullan et al., 2024; Wang, 2021a). Educational leadership scholars discussed the possibility of AI shaping symbiotic human-AI decision making in school leadership, specifically related to data literacy (Wang, 2021a, 2021b). Fullan et al. (2024) argued that AI and GenAI have the potential to significantly ease the management and administrative responsibilities of school administrators and at the same time to undermine or even completely replace some school leadership roles. Both may be true. Arar et al. (2024) conducted a bibliometric analysis of data from the Scopus database on AI and educational leadership. The researchers reported that no education administration journals were among the top ten publication platforms mentioning educational leadership and AI. Those that did include interdisciplinary journals, psychology journals, educational tech journals, and conference proceedings. One of the few empirical works on AI and school leaders is Tyson and Sauers’s (2021) qualitative study of US school leaders’ experiences with the adoption and implementation of the ALEKS AI programme (i.e., a learning and assessment system for students). Their study found that workload and perceptions of technology as effective influenced school leaders’ adoption of AI in their classrooms. At present, many new questions need exploration (Fullan et al., 2024), for example, whether AI will alter school leadership and why AI matters to school administrators.



Activity domains of school leaders

Scholars have suggested that school management has five interrelated domains of activity: managerial, instructional, social, political, and moral (Berkovich and Bogler, 2020; Greenfield, 1995). The management domain includes technical tasks, such as planning, budgeting, coordination, monitoring, and assessment, which help schools achieve their objectives in education (Greenfield, 1995) and allow teachers and students to concentrate on teaching and learning (Berkovich and Bogler, 2020). The instructional domain includes leadership practises that aim to advance and improve teaching and learning (Berkovich and Bogler, 2020; Greenfield, 1995). The knowledge about instructional activities and responsibilities of school leaders expanded in recent decades (Gumus et al., 2018; Hallinger, 2018). The social domain involves the coordination, oversight, and encouragement of school stakeholders’ collaboration and cultivation of interpersonal relations (Berkovich and Bogler, 2020; Greenfield, 1995). This covers the communicative aspects of school leaders’ roles (Gronn, 1983). The political domain includes the use of power to influence resource accumulation and allocation and address competing external and internal interests (Berkovich and Bogler, 2020; Greenfield, 1995). Schools must deal with the politics and micropolitics of distributing resources because they operate in an environment where resources (time, money, and staff) are limited (Scribner et al., 1999). The moral domain includes decisions based on values, influencing teachers’ moral attitudes and behaviour and shaping ethical and moral climate in schools. School leaders need to weigh divergent and oftentimes opposing ‘standards of goodness’ and decide what is more right and proper (Berkovich and Bogler, 2020; Greenfield, 1985).



Methods

An institutional review board (IRB) approved the study. An online poll of public school leaders conducted in January 2025 served as the basis for the investigation. I used convenience sampling, which has the advantage of being among the least costly and time-consuming sampling techniques, although the sample may not be representative because of selection bias (Malhotra and Birks, 2006). Inclusion criteria were (a) being a working public school leader in primary or secondary schools and (b) answering all survey questions. Three hundred two school leaders responded to the survey. The gender distribution of participants was 18.9% male and 80.8% female, with 0.3% (n = 1) not specified. Teaching experience was distributed as follows: 8.3% had 0–3 years of experience, 16.2% 4–6 years, 24.5% 7–10 years, 18.5% 11–15 years, 18.2% 16–25 years, and 14.2% 26 years or more. The educational levels of schools where participants worked were nearly evenly divided: 50.7% elementary schools and 49.3% secondary schools. Team size was distributed as follows: 24.8% of participants managed fewer than five teachers, 24.5% 6–10 teachers, 13.2% 11–15 teachers, 8.9% 16–20 teachers, 4.3% 21–25 teachers, 5.6% 25–30 teachers, 8.6% 31–50 teachers, and 10.9% managed teams of 51 or more teachers. Table 1 presents the breakdown of the sample by type of school leader role.


TABLE 1 Roles of school leaders in the sample.


	School leader role
	
n

	Percent (%)

 

 	Department head 	55 	13.8


 	Subject head 	135 	33.8


 	School counsellor 	38 	9.5


 	Vice-principal 	16 	4


 	Principal 	9 	2.3


 	Social activities coordinator 	49 	12.3


 	Total (N) 	302 	100




 

The survey was inspired by the five domains of activity described in the literature, paying special attention to covering a wide range of tasks relevant to various school leadership roles (coordinators, subject heads, department heads, school counsellors, vice-principals, principals, etc.). I formulated 19 items describing these tasks (Table 2). After consulting the literature on GenAI used by teachers (Collie et al., 2024), I provided participants with the following introduction explaining what GenAI means before answering the survey: ‘Generative artificial intelligence (AI) refers to advanced technology that uses machine learning to generate new content, such as text, images, music (for instance, ChatGPT, Copilot, Claude, Gemini, Perplexity, and so on)’. I asked participants: ‘For which tasks do you currently use GenAI as part of your leadership role at the school?’ For each task listed, I asked participants to indicate whether they used AI for the task (1) or not (0).


TABLE 2 Responses to the questions “For what tasks are you using GenAI in your work as a school leader”?


	Rank
	Activity
	Percent (%)

 

 	1 	Developing educational programmes (subject-specific, social domains, life skills) for given age groups or the entire school community. (I) 	60.3


 	2 	Developing lesson plans or resources for the teaching staff working under the manager. (I) 	57.3


 	3 	Planning or organising professional development workshops or training for teachers. (I) 	49


 	4 	Creating communication materials for the school staff and the parent community (e.g., newsletters, announcements). (S) 	48.7


 	5 	Planning, improving, or drafting observation reports for teacher evaluations. (I) 	48


 	6 	Training or encouraging staff to use educational technology tools (e.g., learning management systems). (I) 	46


 	7 	Proposing ideas or planning school events, extracurricular activities, and community engagement. (S) 	44.7


 	8 	Designing or analysing surveys to assess the atmosphere among teachers and students. (S) 	43.4


 	9 	Planning and drafting school policies and procedural guidelines for staff. (MA) 	42.7


 	10 	Writing detailed project and initiative requests for the school principal, school ownership, local authorities, and the Ministry of Education. (P) 	41.1


 	11 	Analysing student achievement data to identify trends and areas for improvement. (I) 	40.4


 	12 	Drafting responses and reports for the school principal, school ownership, local authorities, and the Ministry of Education. (P) 	40.1


 	13 	Formulating criteria for evaluating the performance of the teaching staff and the school. (MA) 	39.4


 	14 	Preparing schedules for the team working under the manager and for school events. (MA) 	39.1


 	15 	Drafting ethical guidelines and assisting in decision-making on ethical dilemmas where the correct and appropriate course of action is unclear. (MO) 	38.4


 	16 	Finding solutions for effective mentoring of staff members. (MA) 	37.7


 	17 	Planning conversations with parents (e.g., for conflict resolution) and subordinates (e.g., preparing for group discussions and feedback sessions). (S) 	35.1


 	18 	Identifying and addressing issues related to diversity, equity, and inclusion (discussions, content planning, problem identification, etc.). (MO) 	34.1


 	19 	Assisting in budget planning and resource allocation. (MA) 	25.8





MA, managerial; I, instructional; S, social; P, political; MO, moral.
 

I used descriptive statistics to analyse the responses to the two research questions. First, for each item in the survey, I calculated the percentage of the sample that reported using it. Second, to explore the comparative usage trends across school leadership activity domains, I categorised the AI-related tasks by domain, calculated the domain means, and presented the results graphically.




Findings

To answer research question 1, ‘To what GenAI diffusion stage can school leaders be assigned’, I calculated the percentage of participants who reported using GenAI in various school leaders’ tasks. The findings reveal that GenAI was widely used by school leaders for various purposes (Table 2). Most frequently leaders reported using AI technologies to develop educational programmes for given age groups or the entire school (60.3%), creating lesson plans for teams (57.3%), organising professional development workshops for teachers (49%), designing communication materials for staff and parents (48.7%), and planning, improving, or drafting observation reports for teacher evaluations (48%). Less common applications included budget planning and resource allocation (25.8%), addressing issues of diversity, equity, and inclusion (34.1%), and planning conversations with parents (e.g., for conflict resolution) or subordinates (35.1%). Table 2 shows that according to Rogers’s diffusion of innovation classification, GenAI was in the early majority stage (16–50% of the population), with about a quarter of the tasks near or in to late majority group (the 50% threshold).

Exploring the mean use of GenAI in the five domains of activities that school leaders’ role demands reveals that AI has become an integral part of all domains of activities. In Figure 2, a higher score reflects greater integration within a given domain, representing a greater proportion of the tasks in which AI is being used. The figure shows that AI-assisted instructional domain leads the other domains. This suggests that the instructional leadership aspect of school leaders’ roles is currently undergoing the greatest transformation owing to the integration of AI as a supporting technology.

[image: Radar chart comparing five categories: AI-assisted managerial tasks 0.37, instructional tasks 0.50, moral tasks 0.36, social tasks 0.43, and political tasks 0.41, each value shown on corresponding axis.]

FIGURE 2
 Prevalence of AI-assisted tasks of school leaders by domain.


I conducted additional analyses concerning the effects of teaching experience and role type. I used an independent samples t-test to determine whether there was a significant difference in the uses of GenAI between novice teachers (0–6 years of experience, n = 74) and experienced ones (16 years of experience or more, n = 98). The results showed that novice teachers differed significantly in the degree of AI integration from experienced teachers in the managerial task domain (M = 0.46, SD = 0.37 vs. M = 0.31, SD = 0.33; t(170) = 2.76, p = 0.006) and marginally significantly from experienced teachers in the political task domain (M = 0.48, SD = 0.43 vs. M = 0.35, SD = 0.43; t(170) = 1.94, p = 0.053). Thus, novice teachers integrated GenAI use more in these two task domains. A one-way analysis of variance (ANOVA) was conducted to evaluate differences across the four largest role groups in the sample (social coordinators, department heads, subject heads, and school counsellors) in the five domains of activity. The results of the ANOVA revealed no significant differences across the four groups for most domains, except for the social domain, where the results approached significance: F(3, 273) = 2.31, p = 0.076. Post hoc comparisons using Tukey’s HSD did not indicate statistically significant group differences. Comparing the two largest role groups in the sample, department heads (n = 55) and subject heads (n = 153), using the independent samples t-test, indicated a significant difference only in the degree of AI integration in the social task domain (department heads: M = 0.51, SD = 0.33 vs. subject heads: M = 0.39, SD = 0.35; t(188) = 2.15, p = 0.032). These findings suggest a different level of AI integration within this social domain of tasks by different types of school leadership roles. Table 3 summarises the significant independent samples t-test results on the use of GenAI between subgroups.


TABLE 3 Significant independent samples t-test results on the use of GenAI between subgroups.


	GenAI-assisted task domain
	Subgroups
	t-test results



	
	Novice teachers (n = 74)
	Experienced teachers (n = 98)
	t(df), p



	M
	
SD

	M
	
SD

	

 

 	Managerial task domain 	0.46 	0.37 	0.31 	0.33 	t(170) = 2.76, p = 0.006


 	Political task domain 	0.48 	0.43 	0.35 	0.43 	t(170) = 1.94, p = 0.053







	
	Department heads (n = 55)
	Subject heads (n = 153)
	t(df), p



	M
	
SD

	M
	
SD


 

 	Social task domain 	0.51 	0.33 	0.39 	0.35 	t(188) = 2.15, p = 0.032




 



Discussion

The use of GenAI in schools has been a ground-breaking development that is revolutionising traditional education. Yet, to date, research attention on this phenomenon has been limited despite the considerable scope of teacher research (Collie et al., 2024). Claims that the GenAI revolution has the potential to significantly affect educational administration and leadership remained mostly hypothetical (Arar et al., 2024; Fullan et al., 2024; Wang, 2021a, 2021b) because of the lack of empirical exploration. The present innovative study contributes to understanding the propagation of GenAI in school administration and the work domains in which school leaders now use it most. Whilst the futuristic scenario of AI and leadership (Quaquebeke and Gerpott, 2023; Wang, 2021a, 2021b) remains speculative for now, one cannot ignore its deep integration as an assistive technology across all functions of school leadership.

First, according to Rogers’ diffusion of innovation theory (1995), in school leadership roles, GenAI appears to have progressed beyond early adopters to the early majority stage. The findings of the study also indicate that GenAI has now become a widespread technology used by mainstream individuals in the school leadership and is on the brink of reaching the late majority group. This contrasts sharply with early reports on the use of AI by school leaders just a few years ago (Tyson and Sauers, 2021), which align with what Rogers (1995) referred to as the innovators group. Previous surveys in the adult professional population suggest that the pace of adoption of this technology is extremely high and the rate of users has doubled in in 2024 (Glassdoor, 2024). Therefore, it is reasonable to predict that in 2–3 years, most school leaders will use GenAI to support and assist them in their tasks. Already, the findings indicate that GenAI is significantly changing educational leadership and administration. Currently, the situation is far from utopian (or dystopian) scenarios of AI fully taking over the task-, relationship-, and change-oriented responsibilities of leaders (Quaquebeke and Gerpott, 2023), or promoting symbiotic human-AI decision making by leaders (Wang, 2021a, 2021b) but closer to AI easing the management and administrative responsibilities of school leaders (Fullan et al., 2024). Nevertheless, we know that reliance on assistance from technology in daily tasks can promote technological dependence and even addiction (Laor and Galily, 2022). We also know that the presence of a technological product creates social norms, for example, mobile phones have promoted a social obligation to be always available (Li and Chan, 2024). Thus, school leaders’ role partners may begin to expect GenAI-level work (for example, fast and high-quality first draughts), which will create a social norm that becomes internalised. These possibilities can make it more difficult for school leaders to revert to performing role tasks without GenAI technology.

Second, the findings indicate that GenAI technology is currently used more in instructional leadership tasks. This is not surprising, as previously claims suggested that school leaders’ main priority was to promote high-quality teaching and learning (Hallinger, 2018) and that instructional leadership emerged in cross-country analyses as an influential model for leaders in many countries (Gumus and Bellibas, 2016; Urick and Bowers, 2019). Thus, applying Rogers theory (1995) to the successful diffusion of innovation in an occupational field requires evaluating the extent to which a given innovation is widely utilised in the core goals and tasks of that occupation. Recent works have already reported that instructional leadership has evolved to a digital model suited to support online teaching (Berkovich, 2023; Berkovich and Hassan, 2024). The current digital transformation is of a different nature. Whereas the first evolution was in the ‘what for’ of instructional leadership, focusing on adapting leadership practises to the needs of online teaching environments, the current transformation of GenAI-assisted instructional leadership represents a shift in the ‘how’ of instructional leadership. Tyson and Sauers’s (2021) study suggested that school leaders’ workload and their perception of technology as effective promote greater integration of AI. Therefore, the current policy environment of test-based accountability (Ro, 2019) may be contributing to this workload and indirectly to the stronger integration of GenAI into instructional school leadership tasks. The picture emerging from this study is that of the wide use of AI-assisted instructional leadership. If this trend continues and GenAI becomes part of instructional tasks even for individuals in the late majority and laggard groups (see Rogers, 1995), AI-assisted instructional leadership will likely become a dominant practise in schools.

Third, the additional analyses indicate that for the managerial and political task domains, GenAI-assisted school leadership is more prevalent in novice teachers—likely an indication of generational differences. This is consistent with existing evidence that teachers from Generation Z were generally more positive about the advantages of GenAI than those of Generations X and Y, who showed concern about its overuse as well as its ethical and pedagogical ramifications (Chan and Lee, 2023). Nevertheless, no significant difference was detected in the other three task domains. This suggests that generational differences are evident in some task domains and not in others, possibly because of generational differences in values, attitudes, and experiences. The additional analyses also reflected the possibility that the type of school leader role was associated with the scope of AI integration in particular task domains. Department heads more actively utilize Gen AI in the social domain than subject heads. This aligns with the prior description of one key function of effective department heads as being focused on building relationships with teachers and parents (Leithwood, 2016). This means we see that key defined role aspects are being re-manifested in new Gen AI use patterns. In this sense, applying Rogers (1995) theory beyond the societal level to occupational and organisational contexts highlights that the pace and scope of innovation diffusion are shaped by the interaction between task domains, professional experience, and role type.

The study’s context naturally impacts the outcomes, as it was conducted in Israel. Previous studies in Israel suggest that school leaders do not fully embrace instructional leadership (Shaked et al., 2021); therefore, leaders in other countries may show a greater inclination towards AI-assisted instructional leadership. Additionally, Israel is generally considered a digitally oriented society. The 2024 IMD World Digital Competitiveness Ranking, which measures how well countries adopt and exploit digital technologies to transform government, business, and society, places Israel 16th out of 67 countries (Institute for Management Development, 2024). Moreover, the reported change occurred in an organic, bottom-up manner rather than through a top-down directive. This may be possible because Israel’s centralised bureaucracy is considered relatively flexible or “fuzzy,” meaning it is not strictly enforced, which allows for local initiatives despite formal structures (Dery, 2002). In contrast, more formal governments and societies may hinder the kind of GenAI innovation described here.

The study offers several practical implications for school leadership in this period of rapid technological change. First, there is a need to incorporate GenAI literacy into school leadership training and professional development programmes. As more than half of the participating school leaders use it, it is clear that this is a widespread practise that calls for more structured guidance. Second, whilst the benefits of GenAI are evident in terms of efficiency, planning, and data use, there are also ethical concerns that cannot be ignored. Issues such as data privacy, algorithmic bias, and the risk of over-reliance on AI suggestions require careful thought (Wang, 2021a, 2021b). School leaders must not only become proficient users of GenAI but also develop a strong professional ethical identity through which they can critically assess their own use of GenAI. Finally, as some patterns of usage appear to vary by teaching experience level or role type, differentiated training may be necessary to ensure school leaders are well prepared to use this innovative technology in their leadership and management work.

The study has several limitations. First, it is an exploratory study on the use of GenAI in different school leadership roles, therefore, caution must be applied when reflecting on the findings with respect to particular roles. Second, the sample was not representative because the study used convenience sampling (Malhotra and Birks, 2006). It is recommended that future studies use random sampling. Third, the study did not assess the full range of school leaders’ tasks, their technological maturity, or organisational constraints, therefore it is possible that current usage patterns were affected by these factors, which warrants further research. Fourth, the effective integration of GenAI in school management is likely influenced by leaders’ technological capabilities. Thus, future research can examine whether training efforts aimed at improving leaders’ technological competencies result in higher and more effective integration of GenAI in school management. Fifth, the study was conducted at a time point of adoption of the technology. It is recommended to explore in the future the long-term impact of GenAI integration on school leaders’ professional judgements, ethics, and identity.

Irrespective of these limitations, the study points to the promising future of GenAI in educational leadership (Fullan et al., 2024), at the same time indicating the need for specialised training and regulatory frameworks to ensure its responsible and efficient use (Collie et al., 2024). By shedding light on how GenAI is being used, the study contributes to the scarce empirical literature on AI in educational leadership and attests to its potential to empower school leaders in meeting modern educational challenges. Whilst early use of AI in school leadership was limited to innovators (Tyson and Sauers, 2021), its growing integration across leadership functions signals a broader diffusion shaped by task domains, professional experience, and role type. If this development continues, GenAI may reach late adopters and laggards (Rogers, 1995), making AI-assisted school leadership in general, and AI-assisted instructional leadership in particular, a prevailing norm in schools.
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The rapid advancement of technology in the digital age has significantly transformed human communication and knowledge exchange. At the forefront of this transformation are Large Language Models (LLMs), powerful neural networks trained on vast text corpora to perform a wide range of Natural Language Processing (NLP) tasks. While LLMs offer promising benefits such as enhanced productivity and human-like text generation, their integration into academic settings raises pressing ethical concerns. This study investigates the ethical dimensions surrounding the use of LLMs in academia, driven by their increasing prevalence and the need for responsible adoption. A mixed-methods approach was employed, combining surveys, semi-structured interviews, and focus groups with key stakeholders, including students, faculty, administrators, and AI developers. The findings reveal a high level of LLM adoption accompanied by concerns related to plagiarism, bias, authenticity, and academic integrity. In response, the study proposes concrete strategies for ethical integration, including: (1) the establishment of transparent usage policies, (2) the incorporation of LLM literacy training into academic curricula, (3) the development of institutional review frameworks for AI-generated content, and (4) ongoing stakeholder dialogue to adapt policies as the technology evolves. These recommendations aim to support the responsible and informed use of LLMs in scholarly environments. The widespread influence of technological advancement has notably transformed communication and knowledge sharing, with LLMs playing a central role. These advanced neural networks, trained on extensive text datasets, have become valuable tools for generating human-like text and improving efficiency. However, their growing use in academic contexts raises significant ethical concerns. This study investigates these issues, focusing on the implications of LLM integration in scholarly environments. Using mixed methods, including surveys, semi-structured interviews, and focus groups, the research gathered insights from students, faculty, administrators, and AI developers. The findings highlight substantial adoption of LLMs alongside concerns about plagiarism, bias, and academic integrity. Based on this input, the study proposes guidelines for their responsible and ethical use in academia.
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1 Introduction

The exponential growth of AI tools, particularly Large Language Models (LLMs) like OpenAI’s ChatGPT and Google’s LaMDA, is revolutionizing education, healthcare, and industry. However, their integration into academia raises profound ethical questions surrounding authorship, bias, and academic integrity. This paper investigates the ethical implications of LLM use in academic settings by exploring stakeholder perceptions and developing practical guidelines for responsible integration.

The emergence of Large Language Models (LLMs) like OpenAI’s GPT series marks a significant shift in the digital landscape, transforming sectors such as education, healthcare, and engineering. Models like GPT-3, GPT-4, Google’s LaMDA (Bard), and Microsoft’s GPT-3 offer human-like text generation, but their rise presents ethical challenges. In education, LLMs, including ChatGPT, raise concerns about authorship, bias, privacy, and the integrity of academic standards. While LLMs enhance productivity by providing quick, high-quality content, they may undermine students’ learning by reducing opportunities for critical thinking and authentic expression. Key ethical issues include:


	• Authorship and ownership: LLMs challenge traditional notions of intellectual ownership, raising questions about proper attribution and originality.

	• Bias and fairness: AI-generated content may perpetuate harmful biases embedded within training datasets.

	• Privacy and consent: LLMs trained on vast, often unregulated data sources introduce significant privacy risks.



Although LLMs offer convenience, their unchecked use in academia risks compromising the educational system’s goals of developing critical skills and fostering innovation. Therefore, integrating these tools requires careful ethical consideration to ensure alignment with the core principles of education and responsible use of AI.



2 Literature review

The rapid integration of Large Language Models (LLMs) like ChatGPT into academia has sparked significant debate regarding their ethical implications. Existing research highlights various challenges, including concerns about authorship, bias, privacy, and the broader impact on teaching and learning. This section critically reviews the literature, organized thematically to provide a coherent and comparative understanding of these ethical challenges.


2.1 Authorship and intellectual ownership

The question of authorship and intellectual ownership has emerged as a primary ethical concern in the age of LLMs. Stokel-Walker (2023) emphasizes the need to redefine intellectual contributions, warning that traditional notions of authorship risk becoming obsolete as AI-generated content becomes prevalent.

Similarly, Lund and Wang (2023) discuss the ethical dilemmas LLMs pose to academic integrity, particularly regarding unclear attribution of AI-assisted work. However, while these studies underline the problem, Anderson and Dill (2000) highlight a deeper issue: without strict criteria, human contributions can be underestimated, and distinguishing AI-generated content from human work becomes increasingly challenging. This highlights the urgent need for clear attribution guidelines to preserve academic integrity and ensure human intellectual efforts are properly recognized.



2.2 Bias and fairness in LLM outputs

A consistent thread in the literature concerns the biases inherent in LLM outputs. Bender et al. (2021) demonstrate how LLMs can perpetuate harmful social biases embedded in their training data, posing risks to fairness and inclusivity in academia. Nadeem et al. (2021) comparative study of gender bias across cultural datasets further illustrates that these biases are not only technical flaws but also reflect broader societal inequities. To address these challenges, Sun et al. (2019) propose mitigation strategies such as Counterfactual Data Augmentation and Self-Debiasing. While these approaches show promise, the persistence of cultural and gender biases across datasets, as reported by Nadeem et al. (2021), suggests that technical solutions alone are insufficient. A more holistic, ethically grounded approach to LLM development and deployment is required to prevent these technologies from amplifying existing social inequalities in educational settings.



2.3 Privacy and data security concerns

The widespread use of LLMs in academia has also heightened concerns about privacy and data security. Diakopoulos (2016) argues that LLMs’ reliance on large, often unregulated datasets introduces significant risks to user privacy. This concern has been echoed in regulatory responses such as Italy’s temporary ban on ChatGPT, highlighted by Vinuesa et al. (2020), which reflects growing international calls for accountability in AI systems. While some scholars suggest that the benefits of LLMs may justify limited trade-offs in privacy (Vinuesa et al., 2020), others emphasize the importance of transparency and stringent data governance to maintain trust in educational institutions. Without proper safeguards, the integration of LLMs into academia may compromise not only individual privacy but also institutional credibility.



2.4 Pedagogical impacts and student engagement

LLMs offer both opportunities and risks for pedagogy and student engagement. Holmes et al. (2019) describe the potential of AI technologies to personalize learning and enhance educational methods. Wang and Akhter (2025) explored how emotional and behavioral regulation strategies influence student learning outcomes when using different AI tools, finding that ChatGPT users exhibited more consistent vocabulary retention and lower levels of hopelessness compared to those using Bing’s AI interface. However, Schölkopf and Vapnik (2002) caution that over-reliance on such technologies may undermine the development of critical thinking skills, a core objective of higher education. From a social perspective, Alshahrani et al. (2024) argue for the responsible use of AI to foster meaningful student engagement. This perspective aligns with recent systematic reviews and case studies highlighting that, when properly integrated, tools like ChatGPT can enhance student engagement and promote deeper learning by providing personalized feedback and improving access to information (Bettayeb et al., 2024; Khurma et al., 2024). Recent evaluations of LLMs’ performance on clinical reasoning tasks further illustrate their potential for high-stakes educational settings. For instance, Shieh et al. (2024) assessed ChatGPT-4.0’s capabilities on the USMLE Step 2 CK and found that it demonstrated diagnostic reasoning skills comparable to medical trainees, reinforcing the model’s utility in structured academic assessments. However, this reinforces the need for well-defined boundaries and context-specific guidelines to prevent misuse. However, these studies also emphasize that the potential benefits are contingent upon clear institutional policies that mitigate misuse, address ethical concerns, and ensure alignment with educational objectives.



2.5 Regulation and responsible AI use

There is a broad consensus in the literature on the need for robust AI regulations to safeguard educational integrity. Crompton and Burke (2023) underscores the importance of clear policies addressing privacy, transparency, and authenticity in AI use. Similarly, the E. Commission’s (2021) proposed Artificial Intelligence Act emphasizes independent audits for high-risk AI systems, including those used in education. While Chatterjee (2020) and Tartaro et al. (2023) acknowledge that regulations can slow innovation, Castro and McLaughlin (2019) advocate for a balanced approach that prioritizes both safety and technological progress. This balance is particularly critical in academia, where innovation must not compromise ethical standards or institutional credibility. Mackrael (2023) further notes that the European Union’s draft AI laws represent an important step toward achieving this balance. Interestingly, Madkhali and Sithole (2023) highlight how AI integration in education can align with broader societal goals, such as sustainability, as seen in Saudi Arabia’s practices. This suggests that, beyond compliance, AI policies can contribute to larger educational and social objectives when implemented thoughtfully. Arshad et al. (2025) emphasize that advancements in AI-driven analysis—such as forensic tools for social media data—demonstrate the critical need for ethical oversight when deploying intelligent systems in sensitive domains like education or criminal justice.



2.6 Academic integrity and detection of AI-generated work

The challenge of academic dishonesty fueled by LLMs is well-documented. Rudolph et al. (2023) reports that concerns about plagiarism have led some academic institutions to restrict ChatGPT use altogether. While OpenAI’s AI Classifier and similar tools were developed to detect AI-generated content, studies by Crothers et al. (2023) reveal that these tools often suffer from low accuracy, making detection unreliable. Efforts to develop more effective techniques, such as watermarking and machine learning-based detection, are ongoing (Crothers et al., 2023). Additionally, universities are exploring data mining and AI applications within student workflows, such as admissions processes (Schölkopf and Vapnik, 2002), though these innovations carry their ethical complexities. Additionally, Ramoni et al. (2024) explore how LLMs are being used to generate scientific medical writing, cautioning against both legitimate and deceptive practices. Their findings underline the risk that AI-generated manuscripts may blur ethical lines in authorship and originality if detection systems and citation protocols are lacking.



2.7 Detection of AI-generated content and academic integrity

The detection of AI-generated content remains a major concern for maintaining academic integrity. Kirchenbauer et al. (2023) highlight the emerging role of watermarking techniques to distinguish AI-generated outputs from human work, presenting them as a potential solution to uphold academic standards. However, the effectiveness and practicality of watermarking in dynamic educational environments continue to be debated. Similarly, recent advancements in machine learning and data mining are reshaping academic workflows beyond detection. Assiri et al. (2024) demonstrate how universities are leveraging these technologies to enhance student admission procedures, improving efficiency and decision-making. While promising, these developments raise further ethical questions regarding transparency and bias in automated academic processes.



2.8 AI usage trends and institutional responses

AI adoption in academia is accelerating. Saúde et al. (2024) reports that the growing use of AI tools like ChatGPT is reshaping academic practices, though institutions face significant challenges in policy development and ethical oversight. Supporting this, Saúde et al. (2024) emphasizes the need for proactive educational strategies to ensure students are not disadvantaged by the rapid technological shift. Some institutions have already begun integrating ChatGPT into curricula to enhance digital literacy and student preparedness (Saúde et al., 2024). Media reports further indicate that schools worldwide are introducing AI education to prevent students from falling behind (Saúde et al., 2024).



2.9 Broader implications of AI in education and other sectors

While LLMs dominate discussions around AI in education, broader technological advancements such as deep learning and the Internet of Things are also transforming adjacent sectors. Refaee and Shamsudheen (2022) demonstrate how these technologies are driving improvements in healthcare systems, offering insights into the responsible integration of AI in high-stakes domains, including education. Assessing learning environments is another crucial aspect of responsible AI adoption. Hasan and Gupta (2013) highlight that understanding students’ learning contexts is vital for fostering academic success. These insights are directly applicable to AI integration in educational settings, underscoring the need to align technological tools with conducive learning environments. Arshad et al. (2025) highlight that the integration of big data analytics and AI in digital platforms demonstrates how algorithmic technologies can enhance personalization and decision-making efficiency, principles that are increasingly relevant for AI adoption in academic settings. From a benchmarking perspective, Tordjman et al. (2025) present an extensive evaluation of the DeepSeek model in medical contexts, showing its competitive clinical reasoning abilities across various diagnostic tasks. This comparative analysis not only highlights LLMs’ evolving strengths but also raises questions about academic standards and the readiness of institutions to assess AI contributions in specialized disciplines.



2.10 Summary of literature gaps

Despite extensive discourse, the literature reveals key gaps in understanding the lived experiences and perspectives of academic stakeholders regarding LLM use. While existing studies identify technical risks and propose mitigation strategies, there remains a lack of empirical research examining how students, faculty, and administrators perceive these technologies in academic contexts. This study addresses that gap by providing data-driven insights into stakeholder perceptions, contributing to a more holistic understanding of the ethical dimensions of LLM integration in academia.

While existing studies have highlighted the potential ethical risks associated with LLMs, including plagiarism, bias, and data privacy issues (Anderson and Dill, 2000; Bender et al., 2021), this study builds on this body of work by examining how different academic stakeholders perceive these challenges. By comparing the experiences and concerns of students, faculty, and administrators, this study offers new insight into the specific ethical dilemmas faced in academic settings.

Our findings confirm that plagiarism remains a central concern, as evidenced by 70.73% of respondents associating LLMs with accidental plagiarism. However, this study also challenges some previous assumptions about AI’s role in academia. For instance, while earlier literature suggested that AI technologies could potentially diminish critical thinking (Schölkopf and Vapnik, 2002), our data show a mixed perception among respondents. Some stakeholders view LLMs as tools that can enhance productivity without compromising learning, while others express concerns that over-reliance on such technologies could undermine academic integrity.

These findings extend the work of scholars like Sun et al. (2019) and Nadeem et al. (2021), who have explored bias in AI-generated content. Our research not only reaffirms the significance of this issue but also provides a nuanced understanding of how these biases manifest in academic contexts. For example, our respondents indicated that AI tools can amplify existing biases, especially in areas like gender and cultural representation. This underscores the need for more comprehensive measures to mitigate these biases in educational settings.




3 Research methodology

This section outlines the methods and strategies employed to achieve the research objectives, with a focus on data collection, stakeholder analysis, and ethical considerations for deploying large language models (LLMs) in education. An interpretive approach is adopted, emphasizing the development of guidelines from collected data rather than pre-existing theories.


3.1 Sampling

Due to practical constraints, a non-probability sampling approach is used, including:


	• Purposeful sampling: Selecting participants with relevant characteristics to ensure diverse academic perspectives.

	• Snowball sampling: Relying on initial participants to recommend additional experts.

	• Sample size and validation: Aiming for statistical robustness while considering resource constraints. Participant demographics (e.g., age, gender, and affiliation) will be reviewed to ensure sample representativeness.

	• Informed consent: Participants will be informed of the study’s goals and ethical practices.



While a non-probabilistic sampling approach was employed due to practical constraints, it is important to note that this choice limits the generalizability of the findings to the broader academic population. The study aimed for a targeted sample that represented key academic stakeholders (students, faculty, administrators, and developers). However, the lack of randomness in sample selection means the results may not fully reflect the diversity of experiences across all academic institutions. We acknowledge this limitation and caution against overgeneralizing the findings to larger populations. The final sample size was 41 respondents, which is appropriate for qualitative insights but may not provide the statistical power needed for broader generalization.

To mitigate the inherent bias of non-probabilistic sampling, we employed purposeful and snowball sampling techniques. These approaches allowed us to gather insights from participants who have direct experience or interest in the ethical implications of LLMs. However, the limitations of these methods, such as the potential for homogeneity in responses, were considered when interpreting the results.



3.2 Data collection method

A mixed methods approach will combine both quantitative and qualitative data. The data collection process took place from June 5 to November 19, 2023. During this timeframe, responses were gathered from participants via a combination of surveys and semi-structured interviews.


	• Surveys: Distributed via Google Forms to assess perceptions of ethical challenges associated with LLMs across various stakeholders.

	• Semi-structured interviews: Conducted through Zoom to gather deeper insights into participants’ experiences and recommendations.

	• Focus groups: Facilitating collaborative discussions to explore diverse viewpoints, though peer influence is acknowledged as a potential limitation.





3.3 Data analysis

This phase involves a rigorous examination to derive meaningful insights and formulate ethical guidelines.


	1. Quantitative analysis:




	a. Descriptive statistics: Calculating key metrics (e.g., mean, median) to summarize survey responses.

	b. Correlation and regression analysis: Exploring relationships and predictive factors, such as the link between demographic variables and concerns about LLM biases.




	2. Qualitative analysis:




	a. Thematic analysis: Identifying recurring themes related to bias, privacy, and academic integrity.




	3. Scoring: Converting qualitative insights into numerical values to enhance statistical analysis.

	4. Sentiment analysis: Assessing opinions using Python libraries to determine whether sentiments are positive, neutral, or negative.

	5. Reporting and interpretation: Results will be presented through tables, charts, and narrative descriptions, aligning findings with research goals. Data triangulation will ensure reliability by cross-referencing different sources, while strict ethical measures will protect participants’ confidentiality and anonymity.



To ensure the validity and reliability of the study, several measures were implemented. Triangulation was used to cross-check findings across multiple data sources (surveys, interviews, and focus groups). Additionally, inter-rater reliability was conducted to ensure consistency in the qualitative analysis, particularly during thematic analysis. This rigorous approach to data analysis contributes to the trustworthiness of the results.




4 Results and findings

This section presents the findings of our study on the ethical considerations of LLMs in academia, exploring both their benefits and challenges. It methodically presents data from surveys, interviews, and discussions, reserving interpretations for the next chapter. It aims to maintain relevance and conciseness, adhering to ethical reporting standards and safeguarding participant anonymity.


4.1 Data preparation

Before analysis, the survey data underwent preparatory organization to suit the analytical methods, ensuring alignment with the analysis requirements. Adjustments were made to categorize respondents under single roles, prioritizing their primary responsibilities, and ambiguous responses were recorded to maintain clarity and consistency in the dataset.



4.2 Participants

There were a total of 41 respondents, with a gender distribution of 55% male and 40% female, as illustrated in Figure 1. The remaining 5% preferred not to disclose their gender.

[image: Doughnut chart titled “Gender Parity of Respondents” shows respondents are 55 percent male, 40 percent female, and 5 percent prefer not to say, with corresponding orange, blue, and gray segments.]

FIGURE 1
 Gender parity of respondents.


Among the survey respondents, the largest group consisted of undergraduate computer science students (41.46%) in their final year of study. The teaching staff, which included all faculty members in colleges, universities, and schools, represented 24.39% of the participants.

The research contributors formed 12.20%, and the other party, made up of professionals plus members of the public, was 9.76%. The administrators were 7.32% and the developers 4.88%, as depicted in Figure 2.

[image: Bar chart titled Participation by Academic Role showing students at forty-one point four six percent, family at twenty-four point three nine percent, researchers at twelve point two percent, administrators at seven point three two percent, business and developers both at four point eight eight percent, and engineers and friends both at two point four four percent.]

FIGURE 2
 Respondents grouping by academic role.




4.3 Familiarity with LLMs

Among the respondents, 90% said they recognized Large Language Models, including ChatGPT, with 10% of the participants stating that they were not acquainted with the technology.

Of the 90% of the respondents who had heard of LLMs, 59.46% them were male, 37.84% were female, and 2.70% were in the non-support category in terms of gender. Regarding this, 23.53% of the participants admitted that they have no previous knowledge and experience with ChatGPT and other LLMs, which summed up students who have no idea about such technology at 100%, while 76.47% of students composed 31.71% of the yes responses to the query regarding their familiarity with ChatGPT and other LLMs. Figure 3 illustrates the respondents’ familiarity with Large Language Models (LLMs) by academic role, showing that 90% of respondents were familiar with LLMs. The majority of those familiar with the technology were students (76.47%), while faculty and administrators exhibited lower familiarity levels. This disparity suggests that students are the primary group engaging with LLMs, likely due to their direct involvement with tools like ChatGPT for academic tasks. The relatively low familiarity among faculty and administrators may indicate a lag in the adoption of such technologies at higher levels of academia, potentially reflecting a gap in training or awareness regarding AI’s capabilities and ethical challenges.

[image: Horizontal bar chart titled "Familiarity with LLMs by Academic Roles" displays the number of people, divided by role, familiar with large language models. Categories listed on the y-axis are Friend, Engineer, Developer, Business, Administrator, Researcher, Family, and Student. Blue bars labeled "Yes" range from one for Friends and Engineers to thirteen for Students. A red bar labeled "No" appears only for Students with four responses, indicating some students lack familiarity. All other categories report only familiar responses.]

FIGURE 3
 Respondents’ familiarity with LLMs by academic roles.




4.4 LLM usage for academic tasks

53.66% of the respondents indicated that they have never used LLMs in a personal context. This use could be any content generation, research assistance, or writing assistance. However, the largest number of respondents (46.34%) indicated that they had never used any of the Large Language Models. Figure 4 illustrates respondents’ usage of LLMs by academic roles. The higher usage rate of LLMs in academic contexts reflects the increasing integration of such technologies, though a significant portion of the academic population (46.34%) remains unfamiliar with or hesitant to adopt LLMs.

[image: Horizontal bar chart titled "Usage of LLMs by Academic Role" comparing responses for Yes and No across roles including Student, Family, Researcher, Administrator, Business, Developer, Engineer, and Friend. Students show the highest overall response, with 19.51 percent Yes and 21.95 percent No. Family, Researcher, and Administrator follow, with decreasing values. Yes is consistently lower than No for each role. Data is color-coded, with blue for Yes and red for No.]

FIGURE 4
 Respondents’ usage of LLMs by academic roles.


Out of all the respondents who admitted to having used LLMs for academic-related activities, 54.55% were male, 40.91% were female, and 4.55% said they did not want to state their gender. On the other hand, respondents who said no to using LLMs were 57.89% males, 36.84% females, and 5.26% unknown gender.

While comparing the different categories of participation in the usage of LLM and analyzing the utilization of LLM in terms of their academic tenure, a higher percentage of participants affirm their experience with the usage of LLM for academic tenure, except for the educational administrator. All the respondents of this survey stated that they had ever used LLMs for academic purposes if they were developers.

Figure 4 presents data on the usage of LLMs for academic purposes. While 53.66% of respondents reported using LLMs in personal contexts, only 46.34% indicated using them in academic settings. This finding aligns with the notion that while LLMs are seen as valuable tools for content generation and research assistance, their integration into formal academic work is still limited. The hesitation among respondents to use LLMs in academic contexts could be attributed to concerns about the ethical implications, such as plagiarism or academic integrity.



4.5 Awareness of ethical implications of LLMs in academics

Awareness of the ethical concerns related to the use of LLMs like ChatGPT in learning environments was established, with 90.91% of respondents affirming their awareness of the same, while 9.09% were unaware of the same. Figure 5 exhibits respondents’ ethical implications awareness by academic roles.

[image: Horizontal bar graph showing awareness of ethical implications among academic roles using large language models for academic tasks. Student role has 31.82 percent yes and 9.09 percent no; family 27.27 percent yes; researcher 13.64 percent yes; administrator 9.09 percent yes; business and developer both 4.55 percent yes. Blue bars indicate yes responses and red bar indicates no responses.]

FIGURE 5
 Respondents’ ethical implications awareness by academic roles.


Figure 5 shows the level of awareness regarding the ethical implications of LLM usage in academia, segmented by the respondents’ academic roles. A clear majority (90.91%) of respondents expressed awareness of the ethical concerns associated with LLMs, including issues such as academic integrity, plagiarism, and data privacy. Only 9.09% were unaware of these ethical concerns. The figure highlights a high level of ethical consciousness across all academic roles, suggesting that while there is widespread recognition of the potential risks of LLMs, further educational efforts may be necessary, particularly to address the concerns of those less informed.

Out of the participants who have never used LLMs for academic purposes, there is a possibility that 9.09% of the users were ignorant of ethical concerns concerning the use of LLMs in an academic context.



4.6 Confidence in distinguishing AI vs. non-AI-generated work

Most of the respondents found it difficult to identify which work belonged to the AI category and which did not. As few as 5% were extremely confident while distinguishing between such categories.

Also, those who showed very high confidence were 17.07%; those who could be described as having high confidence were 39.02%; those with moderate confidence were 21.95%; and those who had low confidence or no confidence at all were 17.07%. Figure 6 maps out confidence in AI-generated text.

[image: Bar chart titled “Confidence Rating Distribution in Identifying LLM Generated Content” displaying five categories: Not Confident at seventeen point zero seven percent, A Little Confident at twenty-one point ninety-five percent, Confident at thirty-nine point zero two percent, Very Confident at seventeen point zero seven percent, and Extremely Confident at four point eighty-eight percent.]

FIGURE 6
 Confidence in AI-generated text.




4.7 Content attribution

When asked about the relevance of crediting content produced by LLMs in academic work, 41.46% of the respondents said this is extremely important. Moreover, 17.07% of the respondents replied that it was very important, 26.83% said that it was important, 7.32% said that it was somewhat important, and 7.32% said that it was not important.

These responses were obtained when the content analysis was done using the academic roles, and all the faculty members gave their consensus on the extent of proper attribution of the content generated by LLM as important, very important, or extremely important. Concerning attribution, the majority of students understood its importance, as did most students in the previous questions. However, a few students negated its importance, stating that it was unimportant or of little importance.

Additionally, Figure 7 shows that 41.46% of respondents consider content attribution for LLM-generated work extremely important. This highlights the growing recognition among academics of the need to maintain transparency and accountability in academic work. However, 7.32% of respondents who did not consider attribution important may reflect a lack of awareness or differing perspectives on AI’s role in academic contributions.

[image: Bar chart titled "Proper Attribution Rating Distribution" showing five categories: Not Important 7.32 percent, A Little Important 7.32 percent, Important 26.83 percent, Very Important 17.07 percent, and Extremely Important 41.46 percent.]

FIGURE 7
 Respondents’ views on content attribution.


Thirty-five percent of developers considered attribution unimportant, and the rest, or 35 %, saw it as extremely important. It emerged that for the heightened importance of attribution, both the researchers and administrators considered it either very important or slightly important. All other respondents considered it very/extremely important for proper attribution, either very important or extremely important (see Figure 8).

[image: Horizontal stacked bar chart illustrating respondents’ views on content attribution importance across eight academic roles, using five color-coded categories from “Not Important” to “Extremely Important.” Students and family roles show higher percentages for “Very Important” and “Extremely Important” compared to other roles.]

FIGURE 8
 Respondents’ views on content attribution by academic roles.




4.8 Convenience vs. ethical concerns

When participants were asked whether the convenience and the benefits of using LLMs in academia are worth the ethical drawbacks that came with their usage, 56.1% of the participants remained on the fence. This high percentage suggests that a significant portion of respondents are unsure about the balance between benefits and potential ethical drawbacks. Interestingly, 24.39% of participants prioritized ethical considerations over the convenience of LLMs, highlighting a substantial ethical divide in perceptions.

The frequency distribution by the roles of the academics and the proportion of academically engaged respondents showed diverse views on the relative appraisal of the convenience and efficiency benefits of LLM use against ethical concerns in academia. From these respondents, a large portion of students (25.71%), faculty and instructors (20%), and administrators (5.71%) believed that other considerations were needed to determine whether convenience and efficiency gains achievable with LLMs warranted the ethical considerations of using them.

Precisely, 11.43% of the students, 5.71% of the faculty members, and 2.86% of the administrators stated that overall, the advantages of using LLMs do more than the ethical issues. At the same time, 11.43% of students, 2.86% of faculty, and 8.57% of researchers stated that ethical issues should be regarded as more significant than the possible benefits of LLMs (see Figure 9).

[image: Pie chart titled "Does convenience of LLMs outweigh Ethical concerns" shows 19.51% answered Yes, 24.39% answered No, and 56.1% answered It Depends, highlighting mixed opinions.]

FIGURE 9
 Respondents’ views on convenience of LLMs over ethical concerns.




4.9 Key ethical concerns on LLMs’ usage

Some of the ethical issues emerging out of this survey with regards to the integration of LLMs into academia include: The most serious risk mentioned by the participants is 18.75%, and it is related to the possible accrual of accidental academic property theft with the help of LLMs. The second most common concern stated was loss of originality of the contents generated by academics with the use of LLMs at 15.63%. With the use of LLMs in academia, 9.38% of users expressed the concern that the possibility of fraudulently using LLMs is not known. Some 7.81% of the respondents stated that ‘there is a bias in LLM outputs which is inherent, although they did not give further details as to what degree this was a concern. This same percentage, 7.81%, expressed their concern that students oversimplify their work by rushing to get LLM help. 7.81% of the respondents pointed out that LLMs may threaten academic integrity.

6.25% said that LLMs would amplify false information. Data privacy issues related to LLM training were an issue of concern, as pointed out by 6.25% of the respondents. Another percentage (3.13%) expressed their concern about the rising unemployment levels upon implementation of the LLM integration. One of the issues that was raised and which I fully understood is the question of how one can make an AI responsible for its generated information, which was indicated by 1.56%. The ease of determining how much the students know when they use AI for assignments was a concern for 1.56%; 1.56% argued that LLMs are not sufficiently filtered to satisfy academic environments that may have people of different ages. The lack of regulations for LLM use was a concern to 1.56% of the respondents before contemplating including it in their academic needs (see Figure 10).

[image: Horizontal bar chart titled “Feedbacks On Key Ethical Issues” showing Academic Property Theft at 18.75 percent, Plagiarism at 15.63 percent, with lower percentages for Authenticity, Abusable, Bias, Dependence, Integrity, Misinformation, Privacy, Unemployment, Accountability, Assessment, Censorship, and Unregulated.]

FIGURE 10
 Respondents’ views on key ethical concerns.




4.10 LLM predicted, adoption ratings, and sentiments

Of all the respondents, 15 of them volunteered their forecast regarding the future place of LLMs in academia to be fully assimilated in the years to come. Thirteen said they would not respond. Seven of them expected that LLMs would be integrated regardless of the ethical issues pointed out above (see Figure 11).

[image: Horizontal bar chart titled "Predicted LLM Future Integration Status" displays six categories: Full-Integration with fifteen, No-Comment with thirteen, Integrated-with-Issues with seven, Partial-Integration with four, Not-Integrated and Uncertain each with one. Data illustrates projected adoption levels.]

FIGURE 11
 Future integration prediction.


Only one LLM specifically mentioned integration within the current and subsequent years, four other respondents anticipated that integration would only be partial, one respondent stated that he or she foresaw no integration at all in the academic sense of the term, and finally, one more respondent did not understand how some LLMs would integrate. In the same ratio of 63.41 and 36.59% of the total negative impression within the opinions of the respondents on the status of LLMs in academia over the next couple of years, there was a dominating negative perception.

More so, from the Supplemental Feedback Analysis, the respondents had a fair negative sentiment at 92.68% while the positive sentiment result was 7.32% only.

While the data presented in the results section provides valuable quantitative insights, a deeper exploration of patterns, contradictions, and implications is needed. For example, the fact that 56.1% of respondents remained uncertain about the ethical implications of LLMs points to a significant ethical ambivalence. This uncertainty may suggest that while there is general awareness of technology, its complex ethical ramifications have not been sufficiently explored or addressed. The high level of ambivalence calls for further educational initiatives to help stakeholders navigate the ethical landscape of AI in academia (see Figures 12, 13).

[image: Two pie charts compare sentiment distributions. The left chart shows future predictions: 63.41 percent negative, 36.59 percent positive, with 26 and 15 responses respectively. The right chart displays themed future predictions: 46.34 percent negative, 53.66 percent positive, with 19 and 22 responses respectively. Both charts are color-coded for sentiment categories.]

FIGURE 12
 Sentimental analysis for future integration predictions, themed and unthemed.


[image: Pie chart titled “Sentiments Extra Comments” shows 92.68 percent of comments are negative, totaling thirty-eight, while 7.32 percent are positive, totaling three. Negative responses dominate the data distribution.]

FIGURE 13
 Sentimental analysis of extra comments.


Furthermore, the findings raise several contradictions. While 41.46% of respondents believe content attribution for LLM-generated work is extremely important, there remains a notable minority (7.32%) who consider it unimportant. This divergence in opinions suggests a need for clearer guidelines and training on best practices for AI content attribution, particularly as LLMs become more integrated into academic workflows.




5 Discussions

This work gathers the views of academic stakeholders and analyzes the literature to create a set of ethical standards, specifically for academia, when implementing LLMs. Our objectives were to look at the literature, identify stakeholder perceptions, and provide adoption recommendations.


5.1 Stakeholders’ viewpoints

There is high LLM familiarity among stakeholders, with 90% of them familiar with LLMs, as 30% of students used ChatGPT in 2022, according to Saúde et al. (2024). But 9.09% of these users did not know about the ethical issues; therefore, there need for sensitization on the appropriate use of AI. Besides, 70.73% of respondents associated LLMs with accidental plagiarism.

Nonetheless, as the LLM is widely used, only 17.07% of the students appreciate the content generated by the tool as unique. An emphasis is placed on convenience, with 56.1% of participants noting that they balance ethical and practical considerations, while 19.51% of participants marked convenience over ethics, and 24.39% responded by choosing ethical considerations over the convenience of use.



5.2 Pedagogical dynamics and LLMs

As Crompton and Burke (2023) also observes, respondents have a very low level of confidence in identifying human work from LLM output of only 4.88%. The uncertainty favors 95.22% of the stakeholders, increasing the tendency of underemphasizing human authorship. In his article of 2023, OpenAI noted that LLMs are being increasingly used in teaching, although educators have expressed concern about plagiarism. It is suggested that institutions should develop adequate policies to counter ethical problems and pessimistic attitudes toward LLM usage.



5.3 Creating best practices for LLM programs


	1. Create Attribution Standards



The approaches to the identification of LLM must be clear to avoid compromising the academic standards. Consequently, the institutions should use tools that can detect LLM-generated content within their academic institutions. In as much as watermarking may not be appropriate for every professional environment, it is appropriate in academia to maintain an enduring display of the watermark.


	2. Regulation, reform, and monitor



Therefore, regulation is the way forward in ensuring that the use of LLM fits the ethical standards. A similar mechanism should be put in place that enables various institutions to ensure responsible monitoring and regulation of curricula for LLMs and satisfactory stakeholder assurance.


	3. The LLM must have awareness programs



Mandatory courses are training students and faculty to appraise what LLMs can do, the moral implications of their use, and how they should be used positively. All these programs must be periodically revised due to progress in AI and provide academic communities with the tools required for the ethical implementation of LLMs.



5.4 Limitations of the study

With non-probability sampling, it is hard to generalize the results; combining both qualitative and quantitative data can also bias the results. Furthermore, the fact is that AI advances relatively quickly and, thus, some of the findings can quickly become obsolete. The use of self-reported data may introduce potential biases whose effects would expand the gap between this study’s findings and findings easily relatable to the broader academic fraternity.




6 Conclusions and recommendations

This study provides a foundational understanding of the ethical challenges posed by using Large Language Models (LLMs), such as ChatGPT, in educational contexts. By centring stakeholder perceptions—spanning students, educators, administrators, and AI developers, the research identifies critical concerns, including plagiarism, authenticity, bias, misinformation, and privacy. While these issues align with concerns previously raised in the literature, this study further highlights the pressing need for structured institutional responses to ensure responsible and ethical LLM integration.


6.1 Key findings


	• Widespread adoption of LLMs in academic settings has outpaced the development of formal ethical guidelines.

	• Stakeholders express significant concern over the misuse of LLMs, particularly around plagiarism, bias in content, and a lack of attribution standards.

	• There is a clear demand for institutional policies and practical frameworks to guide ethical LLM usage.





6.2 Recommendations for ethical integration

To address these concerns, the study proposes the following concrete, implementable strategies:


	1. Development of Clear Ethical Guidelines:




	a. Institutions should establish and disseminate concise, accessible, and adaptable LLM usage policies.

	b. Guidelines should address issues of academic integrity, clarify acceptable uses of LLMs, and define AI-assisted vs. AI-generated content.




	2. Mandatory Training and Awareness Programs:




	a. Introduce training sessions for students, faculty, and staff to enhance digital and AI literacy.

	b. These programs should include modules on ethical risks (e.g., bias, misinformation), responsible authorship, and proper citation of AI tools.




	3. Attribution Standards and Citation Practices:




	a. Develop and implement standard protocols for acknowledging AI-generated content in academic work.

	b. Institutions can adopt or adapt existing citation formats (e.g., APA, MLA) to explicitly reference LLMs.




	4. Implementation of Institutional AI Review Panels:




	a. Create cross-functional ethics committees to assess and revise LLM usage policies regularly.

	b. These panels should include representatives from academic leadership, IT, legal, and pedagogical teams.




	5. Privacy Protection and Data Governance:




	a. Ensure any interaction with LLMs complies with data protection laws and institutional privacy policies.

	b. Educators and students must be made aware of how data shared with LLM platforms is stored and used.




	6. Bias and Misinformation Mitigation Measures:




	a. Encourage the use of LLMs as supportive tools rather than sources of factual authority.

	b. Promote critical thinking and source verification as part of AI-assisted research practices.




	7. Development and Use of AI-Detection Tools:




	a. Invest in AI-detection software to identify potential misuse or uncredited AI-generated work.

	b. Use such tools judiciously, ensuring they support them rather than police academic activities.




	8. Cost-Effective and Scalable Solutions:




	a. Design frameworks that are budget-friendly and adaptable to different institutional sizes and capacities.

	b. Emphasize open-access tools and shared community resources where possible.





6.3 Future research directions

Further studies should focus on:


	• Evaluating the real-world effectiveness of these guidelines in diverse academic contexts.

	• Investigating students’ and educators’ behavioral responses to LLM regulations.

	• Exploring long-term implications of LLM integration on pedagogy, assessment, and academic values.



This research contributes a pragmatic roadmap for the ethical integration of LLMs in academia, advocating for innovation without compromising academic integrity. By fostering continuous dialogue and refining ethical frameworks in step with technological advances, educational institutions can harness the benefits of LLMs while upholding the highest standards of scholarly conduct.
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This brief research report presents exploratory findings from a study examining student-use of a mandatory artificial intelligence (AI) disclosure form in a general chemistry and citizen science honors course. Students documented every instance of AI use, describing the AI tool utilized, their purpose, the context of the assignment and their perceived outcomes. Originally created as a practical solution, the form aligns retrospectively with established frameworks in AI Literacy, Digital Ethics, Universal Design for Learning (UDL), and Metacognitive Reasoning. Qualitative analysis of responses identified major themes: verification, immediate academic aid, procrastination, and material obstacles. Findings underscore the disclosure form’s potential as a pedagogical tool, fostering transparency, ethical engagement, and self-regulation. The author proposes broader adoption of the form as a replicable strategy for instructors integrating AI in the classroom and advocates for exposing students to literacy in AI, ethics, and intellectual property.
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1 Introduction

Generative Artificial Intelligence (GAI) tools, such as ChatGPT, have rapidly upended educational environments. The use of such technology and tools is confounded by the challenge of integrating them in the curriculum and education system to meet instructional and learning needs (Xu and Ouyang, 2022). However, there is a lack of systematic and reflective student documentation around AI-use. As stated by Barkas et al., 2022, a deeper understanding of how students are using AI tools will elevate the student voice and aid in developing an evidence-base for the use of these tools in teaching and learning (Barkas et al., 2022). Although there have been studies done in education using AI tools, little to no research has addressed how and why students use AI tools in real-time coursework settings (Barstow et al., 2017; Ledesma and García, 2017; Liu et al., 2017; Perin and Lauterbach, 2018; Zhang et al., 2020). This study presents the early insights from a self-reporting disclosure form designed to capture the context, intent, and perceived impact of AI-use in response to the lack of transparency and ethical scaffolding for AI-use in education.

Generative Artificial Intelligence (AI), specifically ChatGPT, is a current issue of pressing importance and concern in higher education (Mohebi, 2024). ChatGPT and its forecasted use challenges traditional notions of academic and professional ethics. During this emerging period when new technology is being learned and adopted, critical populations may be vulnerable; such as minoritized students being accused of cheating/using AI tools based on racial stereotypes and inequitable access to technology (Murphy et al., 1986; Lawson and Murray, 2014; Lawson et al., 2015; Beasley, 2016; Puckett and Rafalow, 2020; Cwik and Singh, 2022; Holstein and Doroudi, 2022; Rafalow and Puckett, 2022; Surahman and Wang, 2022). A 2023 study surveying 2,728 students revealed that 10% of U.S. college students were frequent users of generative AI tools, with an additional 28% reporting they are occasional users (Widenhorn et al., 2023). The misuse or overuse of AI can undermine the educational process, raising issues of academic integrity, impairing the cultivation of critical thinking, and introducing concerns about bias and equity. The contradictions of the positive and negative impacts of AI signify that the future of AI in higher education will depend largely on how it is implemented. Educational institutions must adapt through updated pedagogy to integrate AI in a way that maximizes benefits for learning while safeguarding academic and ethical values (Garza Mitchell and Parnther, 2018; Bittle and El-Gayar, 2025).



2 Methodology

A Qualitative method research design was employed in this study. Based on the gaps in research intersecting AI in education and self-documentation of use, this study aimed to investigate the following research question:

How do students articulate their motivations for AI-use within a structured, mandatory self-disclosure process, and what implications does this hold for academic practices and transparency policies?


2.1 Ethical considerations

The study received ethical approval from the Institutional Review Board (IRB): IRB # IRBAM-24-0850. Virtually signed consent forms were obtained from participants. Student names were redacted and replaced with numerical coding during data collection and analysis to ensure data integrity and maintain participant privacy. Any potentially identifying details were removed from all documentation prior to analysis.



2.2 Participants and study environment

This study was conducted at a predominantly white and historically privileged public flagship research university located in the southern United States. The university has a campus-wide initiative to integrate an AI-statement across all curricula; however, instructors can choose to copy/paste what the university has provided or customize the statement as their own. The author chose to customize their statement. The AI Disclosure Form was communicated in the syllabus and in person to the students in the General Chemistry I course and Honors Citizen Science course the author taught in the Spring of 2024 & 2025, respectively. Out of 238 students enrolled in the General Chemistry 1 course, 60 students completed the AI Disclosure Form. Out of the 16 students enrolled in the Honors course, 3 students completed the AI Disclosure Form. 31 students from the General Chemistry 1 course and all 3 students from the Honors course completed the consent form to participate in the study. The AI Disclosure Form was found and accessed by the students via the Learning Management System as an external link to Microsoft Forms. Students were required to completely fill out the form if they used AI within the bounds stated in the syllabus. Failure to report AI-use when revealed resulted in a zero for the given task/assignment. Virtually signed consent forms were obtained by the students after completion of the course(s) through Qualtrics.



2.3 Theoretical frameworks

The syntheses of the following framework theories were used.


2.3.1 AI literacy

AI Literacy is encompassed by the knowledge, skills, and dispositions that enable individuals to critically understand, interact with, and create systems powered by artificial intelligence (Lankshear, 2008). The three core dimensions of AI Literacy includes conceptual understanding, critical reasoning, and practical application (Zawacki-Richter et al., 2019; Long and Magerko, 2020; Kong et al., 2021; Ng et al., 2021). Empirical studies have emphasized the critical role of metacognition in developing AI literacy (Lankshear, 2008; Ng et al., 2021; Cardona et al., 2023; Avsec and Rupnik, 2025; Lee et al., 2025; Ricciardi Celsi and Zomaya, 2025). In this brief study, AI Literacy is operationalized to include scaffolding, contextualization, and transparency—all core to the AI Disclosure Form’s function of making AI use and decision-making process visible.



2.3.2 Digital ethics

Digital Ethics frameworks encompass the following four pillars to guide the responsible use of data and technology: Data Rights & Privacy, Fairness & Equity, Transparency & Explainability, and Accountability & Governance (Atenas et al., 2023). This framework was used as it entirely encompasses ethical literacy in the use of technology that emphasizes secure handling of the technology, mitigating biases, and promotes transparency alongside accountability (Floridi and Cowls, 2019; Kong et al., 2021; Ng et al., 2021; Atenas et al., 2023). The four pillars of digital ethics guiding this study are defined as follows: (1) Data Rights & Privacy—students’ information and AI-generated data must be protected and used ethically; (2) Fairness & Equity—AI systems and related practices should avoid bias and ensure just outcomes; (3) Transparency & Explainability—the processes and decisions made by AI tools must be understandable to users and stakeholders; and (4) Accountability & Governance—clear roles, responsibilities, and oversight mechanisms should govern AI use (Khan et al., 2022; Mustafa et al., 2024). These align with broader standards in AI ethics emphasizing privacy, fairness, accountability, and transparency.



2.3.3 Universal Design for Learning (UDL)

The Universal Design for Learning framework introduces the creation of flexible learning environments that accommodate the diverse needs of all learners, promoting equity and not limiting its use to strictly students with disabilities (King-Sears, 2009; Schreffler et al., 2019; Roski et al., 2021; Sewell et al., 2022). Sewell et al. (2022) articulated how the UDL framework supports inclusion and can be extended to support all learners through flexible and inclusive instructional design (Sewell et al., 2022). The three pillars of UDL are Multiple Means of Engagement, Multiple Means of Representation, and Multiple Means of Action & Expression. Multiple Means of Engagement are strategies that motivate learners by tapping into their interests, offering choices, and supporting self-regulation; Multiple Means of Representation are practices of presenting content in diverse methods to ensure all learners can access and understand the information/content; and Multiple Means of Action & Expression are practices that allow learners to demonstrate knowledge through varied modalities (Al-Azawei et al., 2016; Roski et al., 2021). This framework was used as it aligns with the disclosure form with each pillar: Multiple Means of Engagement—students chose how they used AI and reflected on its use when answering the form, Multiple Means of Representation—students clarified their learning intentions and tool use, and Multiples Means of Action & Expression—students documented how the tools provided self-regulated support, which promotes metacognitive awareness and accountability. This framework is presented as a conceptual lens for interpreting the intended design of the AI Disclosure Form, rather than as an outcome measure in this study. Specifically, the form was developed to be consistent with UDL principles: Multiple Means of Engagement—allowing students to choose how they use AI and reflect on its use; Multiple Means of Representation—providing space for students to clarify their learning intentions and tool selection; and Multiple Means of Action & Expression—documenting how AI tools provided self-regulated support, potentially fostering metacognitive awareness and accountability. While these pillars informed the form’s structure, the present analysis focuses on students’ self-reported motivations for AI use, not on directly measuring progression through these processes.



2.3.4 Metacognitive reflection

Metacognitive reflection refers to the active processes of planning, monitoring, and evaluating one’s own learning and decision-making (Schraw and Dennison, 1994; Zimmerman, 2002). Within the context of this brief study, metacognitive reflection is central to how the AI Disclosure Form operates: students are prompted to articulate the purpose, rationale, and perceived outcomes of their AI use. This act of documentation requires learners to pause, assess their choices, and consider the implications of those choices—behaviors that align with established models of metacognitive engagement. In doing so, the form supports students’ self-regulated learning, fosters awareness of their cognitive strategies, and complements the reflective aims embedded within AI Literacy and Universal Design for Learning (UDL) frameworks.




2.4 Development of the AI disclosure form

The AI Disclosure Form used in this study was designed by the author who was also the instructor for the courses mentioned in Section 2.3, not initially grounded in a formal theoretical framework, but rather in response to emerging needs in higher education for ethical, structured, and transparent documentation of AI-use. The form aligns with the educational frameworks mentioned in Section 2.4—particularly in fostering metacognitive reflection and inclusive engagement with emerging technologies. Students were required to complete the form each time they engaged with AI tools for any course-related task, including writing, brainstorming, research, etc. The students provided information through structured prompts, including specific course tasks or assignment associated with AI-use, the specific AI tool(s) utilized, percentage of AI-use, explicit prompts/input, purpose of AI use, and their reasoning behind their decision to employ AI as displayed in Figure 1. The AI Disclosure Form is enclosed in the Supplementary Material and is displayed in Figure 2. The form served as both a data collection instrument and a pedagogical intervention, promoting transparency, ethical awareness, and student self-regulation in AI-use.

[image: Graphic showing six adjacent yellow hexagons, each labeled with black text: Task(s), AI Tool(s) & Models/Versions Used, % Used, Prompts/Inputs, Purpose of Use, and Reasoning of Use.]

FIGURE 1
 Categorical process of disclosing AI-use via an AI disclosure form.


[image: AI Disclosure Form with sections to report assignment name, AI program and version used, estimated percentage of AI involvement, exact prompts entered, reasons for AI usage, full name, school email, and school ID number, with headings in bold italics.]

FIGURE 2
 Displayed AI disclosure form.




2.5 Qualitative

The qualitative component of this study was conducted through document analysis. The responses on the documents were coded by the author using Delve, an online qualitative data analysis software (Delve was used to sort, store, and retrieve data during analysis) (Delve, 2025). The consented sample size (N = 34) was above the commonly recommended threshold of 20 for theme saturation, the recurrence of themes across participants and the coherence of shared reflections suggest that thematic saturation was achieved (Braun and Clarke, 2006; Creswell and Clark, 2017). Inductive coding was used for data analysis. The coding process was guided by the frameworks mentioned under Section 2.4. Reflexivity was practiced throughout the study, with the researcher maintaining memo notes and analytic reflections to remain aware of positionality and potential biases during interpretation. Although inter-coder reliability was not applicable due to the single-author design, steps were taken to enhance credibility, including prolonged engagement with the data and triangulation with course materials and context.



2.6 Study limitations

The data gathered in this study is derived from a large R1 institution in the southern United States in a set of courses taught by one professor—the author. Thus, the data may not be representative of what may result from different courses or even the same courses with different instructors. The data may not be representative of smaller colleges or universities in different states with varying degrees of permission and/or restrictions of AI-use. This study uniquely emphasizes student AI-use in general and honors STEM and/or basic STEM-focused courses. In addition, self-report biases and variability in student honesty or thoroughness cannot be ruled out, in which these factors may influence generalizability—this is common in research relying on voluntary disclosure and does not negate the internal validity of the thematic findings. We note that this study does not empirically test whether students engaged in sustained metacognitive reflection as a result of completing the form; rather, these theoretical elements frame the intended pedagogical function of the tool. The AI Disclosure Form was conceptually aligned with UDL and metacognitive reflection principles, the present analysis did not empirically evaluate whether students engaged in these processes as a result of using the form. The findings instead focus on students’ self-reported motivations for AI use. Future studies should examine the degree to which such disclosure processes actively facilitate the reflective and self-regulatory behaviors they are designed to support.




3 Results

The document analysis uncovered a mix of acceptable and problematic patterns, especially in students’ reported frequency of AI use, the content of their inputs, and the rationale they provided.


3.1 Assignment-type

For the General Chemistry I course, the author employs Claim Evidence Reasoning (CER) worksheets in the course throughout the semester, where they were able to complete within a two-week timeframe once assigned. All but one of the chemistry students consenting to the study used AI for the worksheets, where one student reported using AI to assist with their online homework. One student in the Honors Citizen Science course used AI for a worksheet and the remaining two students submitted a joint form since they were partners for a weekly presentation.



3.2 AI program/tool of choice

The AI program/tool of choice was overwhelmingly ChatGPT. However, a few students stated using Bing/Microsoft Copilot, Grammarly, Canva (explicitly for AI image generation by the honors students giving a presentation), Hyperwrite, and chatbots engrained within websites and online homework programs such as CourseHero, Brainly, and Chegg. Although it was mentioned on the form to state the program version model if known, there was a 94 and 6% split, where the majority did not state which model of ChatGPT or AI tool they used, and the minority did. The 6% that did state which version of (explicitly ChatGPT) they used varied between the then free model (3.0 & 3.5) and the then subscription paid advanced model (4.0).



3.3 Percentage of use

The self-reported percentage of AI-use revealed to be extremely high with few exceptions, the lowest self-reported range being 5% and the highest being 100%. As displayed in Figure 3, ~17% of students reported using AI for 30% or less of their assignment/task, ~9% reported using it for 31 to 50% of their assignment/task, ~18% reported using it for 51 to 75% of their assignment/task, and ~56% reported using it for 76 to 100% of their assignment/task.

[image: Bar chart showing the number of students across four AI usage percentage categories: about 6 students use AI less than 30 percent, around 3 use 31 to 50 percent, 6 use 51 to 75 percent, and 18 use more than 76 percent.]

FIGURE 3
 Displayed categories of students varying percentage of AI-Use for coursework.


Reported percentages varied by assignment type. Students who reported low percentages of use (5–30%) generally engaged AI for verification or brainstorming, particularly on CER worksheets or honors course presentations. Moderate use (31–50%) was associated with immediate academic aid on problem-solving tasks, such as retrieving formulas, clarifying stoichiometric calculations, or balancing equations. High use (76–100%) was most often tied to repetitive or time-intensive tasks—especially CER worksheets in General Chemistry—where entire question sets were copied into AI tools. In a few cases, high-percentage use was linked to online homework tasks when students lacked confidence in the content. These patterns suggest that higher levels of AI use corresponded to repetitive or high-stakes assignments, while lower levels reflected targeted, supplementary use to verify or extend students’ work.



3.4 Inputs into AI tools

Regardless of the percentage of AI use, students overwhelmingly copied/pasted the assignment/task question/statement word for word into the AI tools. Students either self-reported as such by delineating word for word or by passive and short statements such as “Questions 1–4,” “Every question” or “I copied and pasted the questions”—even though it was stated in the form to provide every prompt used exactly as they typed into the AI tool.



3.5 Themes of reasoning

Analysis of the documents revealed three thematic categories emerging from the data, addressing how students self-report their reasoning on AI-use.


3.5.1 Verification

Students have articulated motivations of AI-use around verifying accuracy and ensuring the correctness of procedural steps. The students that self-reported to use the AI tools(s) for 5–30% of their assignment/task were using it for verification of their responses or for the pair of honors students—to make an image they wanted that did not have a watermark.


“I wanted to check my work to make sure that it was correct.”
“We needed an image that does not have a watermark or logo. Hard to find since they are everywhere!”
“I forgot the exact steps of how to do some of the things and needed a step by step example I could follow along with.”




3.5.2 Immediate academic aid

The students that self-reported to use the AI tool(s) for 31–50% of their assignment/task emphasized AI as a readily available assistant for immediate aid. Students also recognized what they specifically need assistance with or when they needed to quickly retrieve a formula not on-hand. They credited the tool to be extremely helpful in theses instances in conjunction with clarifying questions or solving problems efficiently. Students were using AI tools as aids for stoichiometry, balancing equations, quickly calculating molar mass, etc.


“I used this application because my friends are not able to help me, the chemistry tutor does not help me, and a Google search is too diverse and broad. The application is precise and tells me exactly what I want to know, it shows me general steps taken, as well as giving an explanation as to why it is.”
“It was getting late and my brain was getting foggy. I was struggling to remember how to begin each problem. Once I was shown the first step in the process to get started, I attempted to finish the problem and compared my answer to the answer generated in AI.”
“I decided to use AI to help me on this assignment with the balancing of the chemical equation question to better understand it since I did not understand. I also decided to use AI to help me with conversion which would make the process faster for me.”




3.5.3 Procrastination

The students that self-reported to use the AI tool(s) for 51–100% of their assignment/task acknowledged they were procrastinating or lost their sense of time in a very short manner—highlighting temporal constraints.


“lack of time.”
“short on time. Exam week overload.”
“I used it for this assignment because I have a lot of studying for other classes that I need to focus more on because of the grades in those classes.”
“I was short on time. I did not organize myself effectively today after I accumulated a load of work over the break.”
“Have a lot going on and was on a time crunch.”
“Under a time crunch and needed to get it done.”




3.5.4 Material obstacles

In addition, certain students stated that they were facing severe obstacles in comprehending the material—where their responses were more elongated. Distinct from procrastination, their comments highlight academic difficulty and/or lack of confidence.


“I struggle to correctly solve conversion problems and lay them out properly so I wanted to ensure that I did them correctly. I switched my majors and am no longer a stem major and am just hoping to pass this class because I really struggle with math, stoiciometry, and balancing.”
“I’m not very good at chemistry and never was I just really need to pass this class it is my second time taking it. A lot of it I plugged in and worked out on my own but following the steps that the AI gave me.”


The honors student that self-reported using AI for a worksheet claimed it was for 30% of the worksheet, when it was not the case as they reported that they input each question word-for word into the AI. Their reasoning was not so much a material obstacle, but concern of meeting assignment requirements.


“I did not know how to expand my thoughts for each question in at least 5 quality sentences, so I used AI to generate some ideas for me.”






4 Discussion and implications

This brief original research report proposes broader implementation of the AI Disclosure Form as a replicable practice for instructors across educational fields. Such practice encourages transparency, promotes ethical reflection, and promotes student self-regulation; aligning closely with principles of AI literacy, digital ethics, and UDL. Although students were intentional on the forms, some students have displayed variations in detail, intentional, and reflective use when prompted to disclose their AI-use. The results yielded from the students’ responses highlights the importance of the disclosure forms in observance of surfacing learning behaviors and ethical engagement. The form and its opportunity of reflection fosters agency and metacognition to transition students to move beyond passive use of AI. In addition, these findings underscore how the Disclosure Form operates as a UDL-aligned scaffold fostering metacognitive reflection: through documenting AI use, students engage in active planning and self-monitoring (core metacognitive processes). The findings also align with and illuminate the three pillars of UDL in practice. The “Verification” theme reflects Multiple Means of Engagement, as students sought to sustain motivation and confidence by confirming the accuracy of their work. “Immediate Academic Aid” corresponds with Multiple Means of Representation, with students leveraging AI to access alternative explanations, retrieve formulas, and visualize steps that supported comprehension. “Procrastination and Material Obstacles” intersect with Multiple Means of Action & Expression by showing how students used AI to complete tasks under time or content pressure—yet also revealing moments where deeper conceptual engagement was limited. These patterns indicate that the AI Disclosure Form not only documents behavior but also serves as a diagnostic tool for educators to identify where UDL-aligned supports are effective and where further scaffolding or targeted intervention may be necessary to enhance equity and inclusion in AI-integrated learning environments. This metacognitive engagement reinforces agency and transparency in AI-enhanced learning environments (Avsec and Rupnik, 2025). Although the form was used in two different science-based courses, the form is not discipline-specific, and can thus be adapted across different courses, disciplines, and institutional requirements. The use of an AI Disclosure Form should be considered and integrated into faculty training and institutional AI policies. Widespread institutional adoption could position the AI Disclosure Form as a mechanism for fostering a culture of accountability and responsible AI use, equipping students to navigate ethical complexities in technological innovation. While the present study did not measure the extent to which the form led students through specific UDL or metacognitive processes, its design is intentionally aligned with these frameworks, and future research could examine these outcomes directly.

However, educators should review their pedagogical approach for course tasks/assignments to promote their ideal and intended course outcomes as they integrate ethical and transparent AI-use. The themes of verification and academic aid displays students’ borderline with the intent of using it as a guide and solely focused on achieving a good grade. The themes of academic aid and material obstacles resurfaces the continuing educational issue of how to effectively make students understand that help and resources are available (Dembo and Seli, 2004). The theme of procrastination display students simply wanting to complete the assignment with the assumption and hope that the answers are correct and/or they are prioritizing certain work and courses over others (Dembo and Seli, 2004). The challenge to reviewing pedagogical approach is integrating AI into course tasks/assignments in a way that keeps students in an active, agentic role while emphasizing that their creativity and (scientific) judgement remain paramount, with AI simply as an assistive tool to their learning. The AI Disclosure Form is positioned to make students’ use of AI and its operations transparent and positioning the students as the decision-makers who directs and/or interprets the AI’s outputs. In addition, insight into students’ responses on the forms assist educators on how to pivot their pedagogy. Ultimately, the effect of technology and AI is contingent on design and pedagogy.

Collectively, the variance of students reporting the version of AI tool they are using, the dominant trend of inputting the questions word for word from a course assignment/task into the AI, and the reported amount of use per assignment requires the academic community to discuss plagiarism, methods of citation for accreditation, ethics, and intellectual property with students regarding AI-use (OECD, 2025). Whether or not the students realize/know that assignments are completely created by the professor (which the author has for both courses in this case), is it ethical to completely upload or prompt in an AI tool word for word the assignment—resigning a professor’s or online homework company’s intellectual property to an AI tool? Is it plagiarism to completely upload or prompt in an AI tool word for word the assignment? How does one prompt an AI to give accreditation to an input that was to the AI by a student or any external source that is not the original source? There is a dire need for students to be more aware of intellectual property, basic and AI-focused literacy and ethics.



5 Conclusion

This study not only investigates how students interacted with AI through self-reported disclosures but also introduces and advocates for a replicable pedagogical tool that promotes ethical AI literacy and reflective practice in STEM and general education. Given the current uncertainty around AI use in higher education, the AI disclosure form offers a timely, accessible, and research-informed tool to help instructors and institutions navigate the balance between innovation, accountability, and ethics in education. Through structured reflection, students become active, autonomy responsible agents in their educational process, fostering transparency, ethical literacy and deeper learning engagement. The AI Disclosure Form offers a scalable, scaffolded, and ethical intervention in an emerging AI-integrated academic environment. This work advocates for broader adoption and ongoing refinement of the disclosure approach, contributing to ethically informed AI practices and use in higher education.
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The ability to notice and interpret relevant aspects of classroom interactions is central to effective teaching and plays a critical role in teachers’ professional development. This study investigated the development and testing of an AI chatbot (NiCo) designed to support preservice teachers’ noticing skills. The chatbot was built using the GPT-4o model and included a meta-prompt that focused on structured support and providing feedback based. The chatbot was tested with 25 mathematics preservice teachers analyzing classroom videos in the field of secondary algebra education. Data collection involved questionnaires on prior experience with the content, self-assessed AI competencies, and user perception of the chatbot. Results indicate that preservice teachers experienced the chatbot as motivating and helpful for developing their noticing skills. They reported support in perceiving classroom events, interpreting them, and generating alternative actions. Usability was rated positively, though improvements were suggested regarding input options, accessibility, and subject-specific guidance. The study demonstrates the potential of AI chatbots to provide individualized support for the development of teacher noticing skills in teacher education. With the empirically validated meta-prompt structure of NiCo, we propose a novel, accessible and scalable format for AI-enhanced teacher education and even professional development. By demonstrating both feasibility and positive user perceptions, this research contributes concretely to the academic discourse on AI-driven interventions for preservice teachers’ noticing skill development.
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1 Introduction

To transform teachers’ knowledge into successful performance in the classroom and to teach in an inclusive and student-centered way, teachers require teacher noticing skills that enable them to identify important events in the classroom and process them further (Dindyal et al., 2021; Metsäpelto et al., 2021). Therefore, teacher noticing has been a growing research field in education and, particularly, mathematics education research (König et al., 2022; Wei et al., 2023). Besides the structure of the construct and its development, one main research focus has been the facilitation of teacher noticing skills, especially for preservice teachers (PSTs) (Amador et al., 2021; König et al., 2022). Researchers have developed several intervention formats, such as video clubs, professional development, and university courses, to promote (preservice) teachers’ skills to notice classroom situations and make appropriate pedagogical decisions (Fernández et al., 2020; Kleinknecht and Gröschner, 2016; van Es and Sherin, 2002). Empirical investigations of these interventions reveal ambiguous effects on teacher noticing dependent on the specific program design, although the discussion of classroom videos, the linkage of theories to specific situations, lesson-follow up, and feedback appear to be promising approaches to facilitate teacher noticing skills (Amador et al., 2021; Bastian et al., 2024; Santagata et al., 2021; Stürmer et al., 2013; Weber et al., 2018). However, the existing interventions are often time-consuming and demanding for both participants and facilitators. As a result, only a limited number of teachers are able to benefit from these interventions, and teachers find it difficult to fit them into their already busy work schedules (Hill, 2009; OECD, 2019). On the other hand, there is a significant need for professional development in teachers’ noticing skills, as indicated by low scores in empirical evaluations and teachers’ reported difficulties (Bastian et al., 2022, 2025; Jacobs et al., 2010; Jong et al., 2021). This requires an accessible, low-threshold, and scalable professional development format to support teacher noticing skills.

At the same time, artificial intelligence (AI) and the latest breakthroughs in generative AI (GenAI) models have impacted and disrupted education and, of course, also teacher education worldwide, offering new opportunities and approaches (Mosher et al., 2024; Saúde et al., 2024; Pepin et al., 2025). Prompted AI chatbots provide teachers with easy access to a dialogue and discussion partner, with the potential to facilitate reflection and to provide feedback (Schorcht et al., 2024, Buchholtz et al., 2024; Tarantini, 2023). Yet, this potential has rarely been utilized to support teachers’ noticing skills. To address this research gap, in this study, we present the development and initial results of the testing of a prompted AI chatbot (NiCo) based on the GPT-4o model that was used with PSTs after viewing two classroom videos. In particular, we examine (1) the development and structure of the chatbot, (2) the prior experiences and skills that PSTs brought to working with the AI chatbot, and, most importantly, (3) their feedback on the AI chatbot and its use.

In the broader context of teacher education, GenAI-powered tools like NiCo have the potential to fundamentally transform professional development by delivering scalable, personalized support. By offering automated, individualized feedback and sustained reflective dialogue, such chatbots enable larger groups of (preservice) teachers to hone their noticing skills anytime and anywhere. Additionally, this allows professional learning to be tailored dynamically to each teacher’s needs. Therefore, integrating AI chatbots into teacher education may not only advance research on teacher noticing but also opens new pathways for sustainable, technology-enhanced professional growth.



2 Literature review, theoretical framework, and research questions


2.1 Teacher noticing and its facilitation

Originally introduced more than two decades ago to promote student-centered teaching, the construct of teacher noticing can be understood as a professionalized way of perceiving and processing classroom situations that is characteristic of the teaching profession, meaning to navigate the “maelstrom” of sensory data in classroom situations (Sherin et al., 2011; van Es and Sherin, 2002). In recent years, teacher noticing–its structure, characteristics, and development–has received particular attention in educational research, and especially in mathematics education research, as evidenced by a wealth of empirical studies and theoretical considerations (Dindyal et al., 2021; König et al., 2022; Wei et al., 2023). Teacher noticing has been incorporated as an integral component in recent conceptualizations of teacher competence as well as expertise (Kaiser et al., 2017; Lachner et al., 2016; Metsäpelto et al., 2021). There, it acts as a mediator between teachers’ dispositions, such as knowledge and beliefs, and their actual performance in the classroom (Blömeke et al., 2015). Further, empirical research has demonstrated a positive influence on student performance and achievement as well as on instructional quality (Blömeke et al., 2022; Gheyssens et al., 2021; Mischo et al., 2023). Thus, its development constitutes an important aim of teacher education and professional development (Amador et al., 2021; Bastian et al., 2022).


2.1.1 Discourse on teacher noticing

Despite, or perhaps because of, the growing body of research, the conceptualization of the construct has been heterogeneous and shaped by four theoretical perspectives (König et al., 2022; Weyers et al., 2023). In the cognitive-psychological perspective, which can be considered the dominant one in the current discussion, teacher noticing is understood as a set of cognitive processes that occur during noticing in the classroom (König et al., 2022). Influential approaches from this perspective are the Learning to notice framework by van Es (2011) and the Professional noticing of children’s mathematical thinking framework by Jacobs et al. (2010). Another perspective, the expertise paradigm, emphasizes the differences between novice and expert teachers in noticing classroom events and originates from the research on teaching expertise (Berliner, 2001). A sociocultural perspective, based on the approach of professional vision by Goodwin (1994), focuses on socially constructed ways of perceiving and understanding that are characteristic of teachers as a community of practice. Mason (2002) established a discipline-specific perspective on teacher noticing, highlighting the role of the individual teachers and their development in achieving sensitized and methodical awareness in the classroom. In the current discourse, conceptualizations are often influenced by several of the four perspectives (Weyers et al., 2023).

Following the cognitive-psychological perspective, most studies define teacher noticing, sometimes also referred to as professional vision (Sherin et al., 2025), as comprising the processes of perceiving or selectively attending to classroom events and interpreting or making sense of the perceived events (Sherin et al., 2011; Weyers et al., 2023). A growing number of studies also include the subsequent decision-making in their understanding of noticing (Jacobs et al., 2010; Kaiser et al., 2015), while only few studies focus on the enactment of the decisions (Thomas et al., 2020).



2.1.2 Our own theoretical framework on teacher noticing

In this study, we understand teacher noticing as an integral component of teacher competence that contributes to the transformation of teachers’ dispositions, including the knowledge they acquired in teacher education, into their classroom performance (Bastian et al., 2022; Kaiser et al., 2015). Following the cognitive-psychological perspective and an analytical understanding of teacher noticing, we conceptualize teacher noticing as consisting of three facets: (1) the perception of important events in instructional settings, (2) the interpretation of the perceived events based on one’s dispositions, such as professional knowledge, and (3) the subsequent decision-making on how to act, e.g., to respond to student action or to develop instructional strategies on how to proceed in the perceived moment (Kaiser et al., 2015). This conceptualization includes teaching situations relevant for qualitative teaching of all kinds, combining a mathematics pedagogical and a general pedagogical perspective and incorporates decision-making as an integral part of teacher noticing (Bastian et al., 2022).



2.1.3 Professional development of teacher noticing skills

To investigate factors that promote teacher noticing skills, several studies have examined the change in teacher noticing over the course of parts of (initial) teacher education, particularly for included practical experiences and phases of teaching internships, and factors that may have caused the change. Overall, teacher experience and especially reflection on it have been shown to have a major impact on the development of teacher noticing (Stürmer et al., 2013; Weber et al., 2018). Bastian et al. (2024) demonstrated the positive impact of activities that focused on linking theories to specific situations and reflection on the development of teacher noticing for a half year long teaching internship.

While the previous studies investigated parts of teacher education that are not solely focused on developing teacher noticing skills, other studies created and examined professional development programs specifically addressing the improvement of teacher noticing skills. In their seminal study, van Es and Sherin (2002) presented the use of video analysis and how several teachers benefited from its use in their noticing over the course of 3 months. As a scaffold for noticing classroom situations, prompts and frameworks, often derived directly from research on teacher noticing, were applied in several studies to facilitate the development of teacher noticing skills (van Es et al., 2017; van Es and Sherin, 2002; Weber et al., 2018). Kleinknecht and Gröschner (2016) emphasized the positive influences of expert and peer feedback on PSTs’ noticing of their own teaching in a one-semester university course, while Fernández et al. (2020) showed how narrative description of instructional events, reasoning about them, and receiving feedback improved preservice teacher noticing.

However, existing interventions are often time-intensive, challenging, and require intensive facilitator support, making them suitable for only a small number of participants. This poses a challenge in scaling them to larger groups of teachers, and in getting teachers to participate in related professional development despite an urgent need.




2.2 Generative artificial intelligence in teacher education

While the use of AI in teaching with a focus on students has been a field of research for some time (Labadze et al., 2023; Zawacki-Richter et al., 2019), research targeting at the use of AI in teacher education and professional development is rather scarce. However, the use of GenAI in the daily life of teachers offers great potential to support and improve teaching, but also new risks and responsibilities for teachers (Saúde et al., 2024; Pepin et al., 2025). GenAI may be able to support teachers in diagnosing student needs and assessing student performance as well as enabling teachers to individualize their teaching and meet individual students’ conditions in order to teach inclusively (Buchholtz et al., 2024; Mosher et al., 2024). Moreover, GenAI may be particularly useful for teacher education, as it could help PSTs learn to plan, analyze and follow up on instruction as an informed dialog partner (Al-Shammari and Al-Enezi, 2024; Buchholtz et al., 2024; Neumann et al., 2024). As this area of research is relatively new, there are only few empirical studies beyond theoretical discussions of the uses and challenges of GenAI in teacher education.

Some studies examine, teachers attitudes and beliefs toward the use of AI. Thararattanasuwan and Prachagool (2024) demonstrated a high willingness among PSTs to use AI technology in instructional settings. This was corroborated by Zhang et al. (2023), who also illustrated the influences of perceived usefulness, ease of use, and also perceived enjoyment on the intention to use AI in the classroom. Further, research suggests that feedback from an AI chatbot is understandable and useful to teachers and can influence their intended actions (Kasepalu et al., 2022). Other research focuses on the testing of AI chatbots and their usefulness in supporting (preservice) teachers. Jacobsen and Weber (2023) compared AI-driven feedback to expert and novice feedback for learning goal generation and found that AI-driven feedback was superior in terms of specificity and explanation, but only when AI prompts were of high quality. To promote lesson planning and task adaptation skills, Buchholtz and Huget (2025) explored the use of ChatGPT and certain prompts in a setting, where PSTs chatted with an AI chatbot. They illustrated the potential of the AI preservice teacher chats in activating and developing teacher competence, but also emphasized the limits of GenAI in providing advice in line with modern, innovative teaching and in fine-tuning lesson plans and task adaptions with detailed subject-specific knowledge.

In the domain of teacher noticing, studies that address or incorporate GenAI and AI in general are limited. Exceptions include the studies by Zhang et al. (2024) and Lee et al. (2025), both of which used AI chatbots as virtual students to simulate teacher-student interaction, thereby facilitating PSTs’ noticing and responsive teaching skills. They illustrated possibilities of AI-supported simulation to provide PSTs with training opportunities but also highlighted some challenges, especially in terms of authenticity, the lack of personal connections with students, and limited knowledge of PSTs, which hindered the interaction.

Several recent studies have explored the potential of AI chatbots to foster noticing more directly. For instance, Galiç et al. (2025) developed a teachable-agent-based chatbot that provided real-time feedback on mathematics teachers questions in mathematics simulations. The chatbot’s responses prompted teachers to refine their questioning techniques and engage more deeply with student ideas. Similarly, Lee and Yeo (2022) and Son et al. (2024) implemented chatbots with common student misconceptions in risk-free environments to allow preservice teachers to practice interpreting and responding to student thinking. These studies suggest that chatbot-supported interactions can encourage more strategic questioning and foster adaptive teaching behavior. Notably, Lee et al. (2025) found that participants interacting with a chatbot demonstrated a significant improvement in their ability to attend to, interpret, and respond to classroom situations compared to a control group.

While these approaches show how AI chatbots can be used to simulate classroom dynamics, they primarily focus on enabling responsive teaching in simulated dialogue. Often, so called Persona prompting is used, which focuses on the dialogic framing of the chatbot. Here, the chatbot is assigned a specific role, for example, as a supportive mathematics teacher or reflective mentor (Zheng et al., 2024; Olea et al., 2024). However, recent studies in general show inconclusive results on the effects of Persona, when it comes to increased GenAI performance (Zheng et al., 2024; Olea et al., 2024). The potential of AI chatbots to actively scaffold PSTs’ noticing processes during the analysis of real classroom situations–such as video-based noticing–remains largely unexplored. Further, although attitudes and beliefs of PSTs toward AI and its use have been investigated, the examination of the usability of the chatbots and respective feedback from the PSTs as their users has yet to be considered as a core process in a user-centered design that facilitates the chat bots use of the end-user (International Organization for Standardization, 2019).



2.3 Research questions

Based on the identified need for professional development in teacher noticing, the research gaps identified in the literature review, and our theoretical framework, this study aims to develop and test an AI chatbot that leverages reflection, feedback, and narration to support mathematics PSTs in their noticing of videos of classroom interactions. Further, we aim to provide insight into PSTs perception of the chatbot and its usability. Specifically, we address the following research questions:


	(1)How can an AI chatbot be designed and prompted to scaffold and facilitate PSTs’ noticing skills–(a) perception of salient classroom events, (b) interpretation of those events in light of professional knowledge, and (c) decision-making about next instructional moves?

	(2)Which prior experience and skills (e.g., opportunities to learn, content knowledge, AI-experience) shape PSTs’ engagement with and responses to the noticing facets when interacting with the chatbot?

	(3)How do PSTs evaluate the chatbot’s support for (a) perceiving, (b) interpreting, and (c) deciding upon classroom events, and what usability factors influence its effectiveness?







3 Methodological approach


3.1 Study design

In the present study, we constructed and explored the use of an AI chatbot, called Noticing Companion (NiCo), to facilitate teacher noticing skills of mathematics PSTs in a course that accompanies a teaching internship during the master’s program as a part of initial teacher education. In this teaching internship, the PSTs spend one practice day a week in in a school for 3 months during the semester, followed by a block period of 5–6 weeks. The PSTs attend an accompanying seminar at the university that provides them with mathematics pedagogical knowledge and skills for their internship, as well as space to reflect on their experiences and relate theory to practice. In two of these seminars, we used NiCo for two sessions in consecutive weeks conducted by the first author (see Figure 1).
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FIGURE 1
Study design.


In the first session, we provided the PSTs with a short input on teacher noticing, i.e., the construct’s structure and ways to develop it, as well as information about the study and instructions for the use of NiCo. Participants then completed an initial survey to collect demographic information, such as gender, teaching experience, and teaching type, previous opportunities to learn (OTL) for the content covered in the videos and previous use of digital media and AI in instruction, and their beliefs about their own AI competencies. Afterward, they received contextual information about the video vignettes depicting some excerpts of a secondary mathematics lesson that they were going to watch, such as the grade level and the lesson’s objective. We chose to use videos as stimulus material for PSTs’ chats with NiCo instead of their own classroom experiences to control for the situation and to enable us to analyze the chat in a controlled way.1 PSTs then watched the video once with the whole seminar group. Subsequently, the PSTs chatted with NiCo about the seen video vignette for 20–30 min, while they were allowed to revisit the video vignette and access the video’s transcript as well as the contextual information. These chat phases align with the study’s goal to facilitate PSTs noticing skills: first to practice “perceiving” salient classroom events, then to “interpret” those events through professional knowledge with the help of NiCo, and finally to “decide” on instructional responses. The PSTs were aware of these aims and they followed these guidelines for chatting with NiCo:


	•Chat with NiCo about any classroom situations that have caught your eye or that you notice when you look at the video again.

	•NiCo will guide you through the conversation. When you have finished discussing one situation, start a new one.

	•You can refer back to the contextual information and watch the video again and again throughout the work phase.




During the week, the PSTs also had the opportunity to use NiCo to chat about a classroom situation they experienced during their practice day at the school. In the second session, we had another circle of video and chat using NiCo.2 After two circles of using NiCo, the PSTs then provided feedback on the chatbot, its usability, and their work with it in a second survey.



3.2 Sample

The study comprises 25 pre-service teachers from a university in northern Germany that participated in the seminars, 81% of whom identified as female, with an average age of 25 years (min = 22, max = 35). The sample consists of almost equal number of PSTs studying to teach at academic-track schools (48%) and at non-academic-track schools (52%). They had an average of 7.9 months of teaching experience (min = 1, max = 24). 21 PSTs participated in Session 1 of the study, 19 in Session 2, with 15 PSTs participating in both sessions.



3.3 Video vignettes

As stimulus material, we used two video vignettes from the Teacher Education and Development Study – Inclusive Mathematics Education (TEDS-IME), because they provide rich opportunities for practicing the three noticing processes aligned with our learning objectives: perceiving classroom events, interpreting, and deciding on targeted pedagogical actions concerning students’ individual understanding and condition as well as the whole class. Both videos focus on secondary algebra education. In the 3-min video “Taxi ride”, the students in the video work on an exercise where they are asked to describe the cost of a taxi ride using an algebraic expression with two variables. The video shows the teacher’s introduction to the task and two dialogues between students at different levels of learning prerequisites. This vignette was chosen to train PSTs’ ability to perceive subtle differences in student reasoning during dialogues and to interpret how learners connect contextual problems to formal algebraic representations. The five-minute long video “Scale model – exploration” shows a whole-class discussion at the end of a lesson on the scale model to introduce the principle of equations. In a previous work phase, students were asked to build equations with stones and boxes and to also express these equations as sketches and formal algebraic expressions. In the whole class discussion, four students present their own solutions and comment on each other’s solutions, giving insights into their mathematical thinking. By presenting multiple student solutions and peer commentary, this vignette supports the learning objective of noticing varied mathematical understandings and selecting appropriate instructional strategies.



3.4 Assessment instruments

In the two surveys in our study, we used three instruments to assess OTL, participants AI competence, and their user feedback on NiCo, besides items focusing on participants demographics. Item count and example items for each instrument are presented in Table 1. To capture PSTs’ previous OTL on algebra education, teacher noticing, and usage of digital media and AI in the classroom, we applied ten five-point Likert items based on the work by Weyers et al. (2023) that enabled the participants to indicate whether they covered the specific topic in their prior studies and at what intensity. For the self-assessment of AI competence, we adopted a subscale of a larger instrument by Buchholtz et al. (in preparation) on teacher beliefs toward AI in teaching and learning mathematics. To comprehensively collect pre-service teachers’ feedback on their work with NiCo as the focus of this study, we combined newly developed six-point Likert scale items focusing on motivation, utility, future use, and usability with open-response items on learning outcomes, benefits, and barriers to working with NiCo, suggested changes, and future expectations.


TABLE 1 Overview of instruments with example items.


	Instrument
	Example item(s)
	Format information
	n items





	Opportunities to learn
	“Have you covered the following topics in your studies (in seminars/lectures)?”
 - Basic mental models of the understanding of variables
 - Teacher noticing
 - Use of AI application in the classroom
	Five-point Likert items from “No” (0) to “Yes, as the focus of an entire seminar or lecture” (4).
	10



	Self-assessed AI competence
	“I feel able to meet the technical challenges of using AI technologies in mathematics education.”
 “I am open to using generative AI tools in my teaching.”
	Five-point Likert items from “Strongly disagree” (1) to “Strongly agree” (5)
	16



	Feedback on NiCo (part I)
	“I would use NiCo in my daily teaching to develop my skills.”
 “Working with NiCo is technically challenging.”
	Six-point Likert items from “Strongly disagree” (1) to “Strongly agree” (6)
	15



	Feedback on NiCo (part II)
	“What has worked well for you when using NiCo?”
 “To what extent did working with NiCo support or hinder practicing teacher noticing?”
	Open-response items
	7






Interpretations and asks the PST to focus on perception first.






3.5 AI chatbot construction and prompting

We designed NiCo as an AI assistant based on the large language model GPT-4o by OpenAI (2024b), which we provided with a specific role description (persona prompting; Zheng et al., 2024) and instructions on how to act in chats with PSTs, which governed all chats and ranked above PSTs’ prompts. For this meta-prompt, which influences the AI’s behavior throughout the whole chat, we followed Park and Choo (2024) recommendations for effective prompt engineering, which include stating the AI’s role, chat goal, recipient, theme, and chat structure in the prompt. Drawing on our cognitive-psychological framework, the meta-prompt comprised at its core guiding PSTs with attention-directing questions to elicit perception of salient classroom events, supporting them in the interpretation in light of professional knowledge, and help them to identify cues to provoke decision-making about instructional actions. For the phrasing, we further aligned with the CLEAR framework, which provides instructions for generating concise, logical prompts (Lo, 2023; Park and Choo, 2024). We included few-shot examples of questions to elicit teacher noticing and of feedback in the prompt to better convey the intended meaning to the GenAI (Park and Choo, 2024). To better facilitate a dialogue between the AI and the PSTs, we furthermore included chain-of-thought and query-loop prompting methods. This ensured that the AI would go through the dialogue step-by-step and would wait for input from the PSTs (Schorcht et al., 2023). We developed the prompt iteratively, with multiple feedback loops, piloting, and chats with the GPT builder by OpenAI (2024a). During iterative piloting, we validated each prompt block against its corresponding noticing facet, refining the meta-prompt to ensure clear mapping between our theoretical constructs and NiCo’s behavior. The final meta-prompt is described in the results section 4.1 as a central achievement of this study and is presented with its respective prompt blocks in the electronic Supplementary material (ESM).

To comply with the General Data Protection Regulation valid at this university, the chats between NiCo and the PSTs were conducted through the platform fobizz3, which enables the creation and use of GPT-4o chatbots while maintaining data privacy for the users. The platform also allows the direct export of all chats for later analysis.



3.6 Data analysis

In this study, we focus on the PSTs’ responses to items related to their OTL, self-assessed AI competence, and, in particular, their feedback to NiCo. For the OTL items, we calculated the classical indicators for each item. For the AI competence items, one item had to be excluded due to poor item-total correlation. The remaining 15 items showed good reliability (Cronbach’s α = 0.90) and were thus transformed into a single sum score. The feedback rating scale items were grouped into the four themes of motivation, utility, future use, and usability, and then analyzed individually based on their indicators. The open-response items for feedback on NiCo were analyzed with MAXQDA (VERBI Software, 2024) using the structuring qualitative text analysis following Kuckartz (2014). In this analysis, we first defined four major categories to structure PSTs’ feedback: learning outcomes, advantages and support, disadvantages and difficulties, and suggestions for improvement. We then inductively created subcategories for the four main categories based on the material and comprehensively defined all categories in a coding manual (see the Supplementary material for the coding manual). The entire category system is presented in the Results section.

The first author and another trained coder individually coded 35% (6 out of 17) of the data. The interrater reliability in this double coding was substantial (κ = 0.79)4, indicating a precise, objective coding manual. Due to the manageable number of responses and as an additional precaution to ensure coding with scientific rigor, the first author and the trained coder then double-coded all remaining responses. All disagreements were thoroughly discussed and resolved by consensus.




4 Results

We present the findings for each research question in a separate section. We first take a look at the design of NiCo (Research Question 1), then consider PSTs’ prior experiences and skills (Research Question 2), before focusing on PSTs’ feedback (Research Question 3).


4.1 The AI chatbot NiCo

To build our chatbot and determine NiCo’s behavior during the chats with the PSTs, as well as the structure and content of the chat, we created a comprehensive role description and instructions for the chat, which were given to the AI as a meta-prompt based on recommendations for efficient prompt engineering (Park and Choo, 2024; Zheng et al., 2024). For transparency and comprehensibility, the entire meta-prompt is presented and annotated in the Supplementary material. It defines the role of the AI, the recipients, goals, topics, and structure of the chats, and provides examples to better describe the expected output. In addition, the meta-prompt specifies two main functions of the chats: eliciting PSTs’ teacher noticing skills and providing feedback to PST’s responses. We organized the meta-prompt to mirror our noticing framework by including distinct noticing examples and questions: (a) perception questions that direct GPT-4o to support PSTs in highlighting salient classroom events, (b) interpretation questions that scaffold sense-making based on professional knowledge, and (c) decision-making questions that elicit instructional responses (see the Supplementary material for the specific description of the meta-prompt). Specifically, the meta-prompt defines NiCo’s role as a supportive facilitator for PSTs with the aim of helping them to develop their teacher noticing skills by engaging PSTs in chats about classroom situations. NiCo is instructed to guide the discussion by asking structured questions about the PSTs’ perceptions, interpretations, and decisions regarding the algebra teaching situations observed and to provide feedback that is specific, empathic, and activating. Further, the prompt requires NiCo to incorporate preloaded knowledge where appropriate, reference specific classroom situations, and maintain an academic yet supportive tone to ensure a thoughtful, step-by-step conversation.

To provide the AI with information about teacher noticing and algebra education, we compiled a document on each topic and made it accessible for the AI.5 This constitutes a platform-based variant of Retrieval-Augmented Generation (RAG; Lewis et al., 2020), in which external knowledge is semantically embedded and dynamically retrieved by the model to inform its responses. While we did not implement a custom retrieval mechanism, the internal architecture of the platform allows for context-sensitive access to uploaded documents during inference. This approach differs from traditional prompt-only conditioning and enabled more flexible, content-aware dialogue generation. However, we decided not to give the AI specific information about the videos that the PSTs watched in the seminars in order to explore how well the chatbot understood the situations and how the PSTs coped with describing them. As examples help the AI to better understand the intended outcome (Park and Choo, 2024), we created a set of questions and prompts to elicit teacher noticing based on previous studies in the field of teacher noticing (Jacobs et al., 2010; van Es et al., 2017) and included it in the meta-prompt. For the prompt part on providing feedback to PSTs, we draw on the study of Jacobsen and Weber (2023) and their high-quality prompt for providing feedback and generated a complementary example of feedback for a PST’s remark.

To better understand how the meta-prompt and the chats with NiCo work, we present an excerpt of a chat from PST 16 with NiCo in Table 2. The chat deals with the beginning of the video vignette “Taxi ride”, where the teacher introduces the task. The chat transcript demonstrates how NiCo first asks for general characteristics of the lesson, before eliciting perceptions of a specific situation. In turn 6, NiCo draws the PST’s attention to the fact, that they have already made judgments and provided PSTs’ prior experiences and skills.


TABLE 2 Example chat6.


	No
	Speaker
	Text





	1
	PST 1
	I would like to talk to you about a teaching situation.



	2
	NiCo
	Gladly! At what grade level did the situation take place, what was the topic of the lesson and what kind of situation was it (e.g., a student question, a plenary discussion, a teacher’s explanation, etc.)?



	3
	PST 1
	The situation took place in a 7th grade class at a Gymnasium [academic-track school]. The topic of the lesson was “Describing functional relationships with terms and several variables.” During this lesson, the students were to set up complex terms in real-world contexts using the example of the costs of a taxi ride. The situation involves the teacher introducing the lesson and explaining the assignment.



	4
	NiCo
	That sounds like an interesting and stimulating lesson! Let’s start by looking at how the situation was perceived.
 Perception: Please describe in detail what happened in the situation. What did you perceive in the situation? What did the teacher say and do, and how did the students react?



	5
	PST 1
	The teacher reminds the class of a task called “table task” in which the students have already learned the variable concept as a variable. She uses the smartboard as visual support. Then she moves directly on to the assignment for today’s lesson. The students are to describe the costs of a taxi ride with terms. The teacher already lists which fixed costs are included in a ride and which costs change per kilometer or per minute. She does not involve the students in the introductory situation and delivers a monologue. I only noticed one boy who seemed to be listening actively. All the other students are not looking at the teacher but gazing around the classroom dreamily, looking annoyed and unmotivated. Cognitive activation has not taken place.



	6
	NiCo
	I noticed that you perceived the situation very accurately and described in detail what the teacher did and how the students reacted. That’s an important first step. However, you immediately incorporated some interpretations, such as assuming that the students were annoyed and unmotivated. It would be helpful to separate these from the pure perception. Could you describe again what exactly you saw, without jumping to conclusions? This will help you to give more well-founded interpretations later on. I think it’s great that you are so attentive and deal with the situation so intensively.






6This example chat and all other answer examples from the PSTs were originally in German and have been translated by the first author while preserving the meaning.






4.2 PSTs’ Prior experiences and skills

To consider PSTs’ prior experience in the context of research question two, we analyzed their OTL in mathematics pedagogy and, particularly, algebra education as the focus of the videos viewed in the seminar and OTL toward teacher noticing, digital media and AI (see Table 3) as the influence of OTL on students’ knowledge has been shown in many studies. PSTs had addressed students mathematical thinking, basic mental models, functions, and algebra education in general as the focus of one seminar session or as part of several sessions on average, presumably providing them with a sound (at least overview) knowledge of these topics. However, with regard to specific topics in algebra education, such as ways of introducing algebraic expressions or equation equivalence, the PSTs indicated that, on average, this had been part of only one seminar session in their previous studies. This indicates that PSTs lack specific knowledge in this area and therefore may explain possible difficulties in perceptual noticing important events in the videos shown. In addition, nearly all PSTs had only few prior OTL toward teacher noticing, which indicates a lack of opportunities to develop their interpretive and decisional noticing skills. On average, digital applications and media had been the focus of several sessions, while AI applications in particular were the focus of only one session or were addressed as part of several sessions. Overall, these results suggest that PSTs had some prior experience with AI, but not integrated into mathematics educational topics. This was also in line with the PSTs’ self-assessed AI competence, which the PSTs described as being, on average, in the middle range of the scale (see Table 3).


TABLE 3 PSTs’ opportunities to learn and their self-assessed AI competence.


	Variable
	Mean
	Minimum
	Maximum





	Opportunities to learn



	 Algebra education
	2.2
	0
	4



	 Students’ mathematical thinking
	1.6
	0
	3



	 Basic mental models (in general)
	2.3
	1
	4



	 Basic mental model on variables
	1.3
	0
	3



	 Algebraic expressions and their equivalencea
	1.2
	0
	3



	 Equations and their equivalencea
	1.2
	0
	3



	 Functionsa
	1.8
	1
	4



	 Teacher noticing
	1.4
	0
	4



	 Use of digital media in the classroom
	2.8
	0
	4



	 Use of AI applications in the classroom
	1.7
	0
	4



	Self-assessed AI competence
	3.3
	2.1
	4.3






Opportunities to learn were assesses on a five-point Likert scale ranging from “No” (0) to “Yes, as the focus of an entire seminar or lecture” (4). Beliefs on self-assessed AI competence was assessed with 15 items on a five-point Likert scale ranging from “Strongly disagree” (1) to “Strongly agree” (5) and then scaled using a sum score.

afrom a mathematics pedagogical perspective.






4.3 PSTs’ feedback on NiCo

To examine PSTs’ evaluations of NiCo, its usability, and their chats with it, and thus answer research question three, we first look at the rating scale feedback before taking a closer look at the advantages, disadvantages, and opportunities for improvement with the open-response feedback.


4.3.1 Evaluation of PSTs concerning motivation to use, utility, future use and usability

For the rating scale items, we focused on four areas: motivation, utility, future use, and usability. The results for all items are shown in Table 4. PSTs rated chats with NiCo as motivating and enjoyable, indicating that the chatbot was able to motivate them to actively use it. This is consistent with the PSTs’ feedback on future use, where the PSTs tended to indicate that they would use NiCo regularly in their daily teaching. However, this was only true for the specific example of NiCo, as PSTs on average do not plan to use more GenAI tools in general for their competence development, or at least were not inspired to do so by their work with NiCo. This could imply that NiCo’s usefulness was perceived primarily as supporting teacher noticing, but not as a useful application of GenAI in general.


TABLE 4 Feedback from PSTs on chats with NiCo.


	Variable
	Mean
	Minimum
	Maximum





	Motivation



	  Working with NiCo is motivating.
	4.6
	3
	6



	  I enjoy the chats with the NiCo.
	4.7
	3
	6



	Utility



	 I find NiCo’s answers useful.
	4.6
	4
	6



	 I find NiCo useful for my professional development.a
	4.7
	2
	6



	 The chats with NiCo help me to analyze teaching situations well.
	4.8
	4
	6



	 Through the chats with NiCo, I become aware of new details in teaching situations.
	4.3
	2
	6



	 With the help of NiCo, I am able to develop various options for action for the observed lesson.
	4.4
	2
	6



	 I learn something new from the chats with NiCo.
	1.2
	1
	2



	Future use



	 I would use NiCo in my daily teaching to develop my skills.
	4.3
	2
	6



	 I can see myself using NiCo on a regular basis.
	3.9
	2
	6



	 Through the chats with NiCo, I now want to make greater use of (generative) AI tools for my competence development.
	2.0
	1
	4



	Usability



	 Working with NiCo is technically easy.a
	5.4
	5
	6



	 Working with NiCo is effortless.a
	2.8
	1
	5



	 NiCo’s responses were clear and easy to understand.a
	3.1
	1
	5



	 I find working with NiCo straightforward and simple.a
	4.3
	2
	6






PSTs’ feedback on NiCo was assessed using a six-point Likert scale ranging from “Strongly disagree” (1) to “Strongly agree” (6).

aThe original item was worded negatively in the actual instrument. To improve readability, this item is inverted here to be consistent with the overall scale. The item text has been changed to the positive wording.




In terms of utility, the chats with NiCo were evaluated to support different facets of teacher noticing and to be useful for PSTs’ professional development. PSTs described the dialogues with NiCo as being able to facilitate perceiving new details of teaching situations, analyzing them comprehensively (interpretation), and generating options for action in the observed teaching events (decision-making). This needs to be emphasized as it was one of the main aims of this exploratory study.

However, the PSTs also stressed that they did not learn anything new from the chats with NiCo. This was somewhat surprising as it seems to contradict the previous feedback. Based on comments from the open-response feedback, PSTs probably perceived this item as being related to new declarative mathematics (pedagogical) content knowledge. This may indicate that NiCo in its current form is not equipped to provide PSTs with new knowledge in these areas, which may be a direct result of the restrictions on uploading background material for NiCo’s instruction. Although NiCo was not designed to convey knowledge but to promote teacher noticing skills, reflection, and theory-practice-linkages, this highlights an area for improvement.

In terms of usability, the PSTs indicated that working with NiCo was easy technically easy, but required some effort and that NiCo’s responses were not always easy to understand. This will be considered more closely in the analysis of the open-response feedback.



4.3.2 Evaluation of PST concerning learning possibilities, advantages and support, disadvantages and difficulties and improvement

To take a closer look at the PSTs’ feedback and opportunities for improvement of the chatbot, we asked the PSTs seven open-response questions and structured their feedback into the categories of learning outcomes, advantages and support, disadvantages and difficulties, and suggestions for improvement. The resulting category system is displayed in Table 5. We will now detail each category and provide some sample comments from the PSTs.


TABLE 5 Category system and number of occurrences.


	Category
	n
	Category
	n





	Learning outcomes



	Teacher noticing and reflection
	Meta level



	 Relevance of perception
	6
	 Utility of AI
	1



	 Separation of perception and interpretation
	3
	 Beliefs
	1



	 Development of various courses of action
	3
	
	



	 Relevance of (self-) reflection
	2



	Advantages and support



	(Subject-specific) process support
	Usability and technology



	 (Constructive) feedback
	6
	 Easy operation
	6



	 (Specific) questions
	7
	 NiCo’s understanding of the situation
	3



	 Support for (detailed) reflection
	5
	 Speed of response
	3



	 Support in (precise) perception/description
	7
	 Comprehensibility of the answers
	2



	 Support in developing alternative courses of action
	8
	Affective-motivational support



	 Separation of perception and interpretation
	8
	 Reassurance
	1



	 Guidance and structure
	4
	 Praise
	2



	 Suggestions and explanations
	2
	
	



	Disadvantages and difficulties



	(Subject-specific) process support



	 Input for NiCo
	Usability and technology



	  Difficulty of separating perception and interpretation
	3
	 Technical difficulties
	3



	  Difficulty of the exact description
	9
	 Response inconsistency
	1



	 Output of NiCo
	 Writing effort
	1



	  Missing or wrong focus
	3
	Affective-motivational support



	  Lack of insight
	1
	 Feedback
	3



	  Questionable suitability/quality of the alternative actions
	2
	
	



	 Difficulties with the stimulus material
	3



	Suggestions for improvement



	(Subject-specific) process support
	Usability and technology



	 Specific, content-related advice and alternative courses of action
	6
	 Input options
	4



	 Restructuring the dialogue
	3
	 Easy access options
	4



	 Examples
	2
	 Access restrictions
	1






Categories in italics are for structuring purposes only. They have not been assigned to an answer by themselves.




From the analysis of PST’s open-ended responses for the category learning outcomes, it appears that PSTs recognized the importance of accurate, detailed observations (six PSTs) and the need to take time to reflect in order to make informed pedagogical decisions (two PSTs). For example, PST 14 stated: “NiCo has shown me that it makes sense to observe situations in class more intensively and in more detail”, while another (PST 11) realized “that you can use AI to become more aware of your teaching style.” Further, it became evident that working with NiCo gave the PSTs a better understanding of the importance of separating perception from interpretation when noticing classroom situations (three PSTs): “NiCo made me realize once again that when observing a lesson, one should make a very strict distinction between pure observation and subjective interpretation” (PST 1). Three PSTs mentioned that through the use of NiCo they learned to developed various courses of action for a specific situation. On a meta-level, PST 13 noted the usefulness of AI in education as a learning, while PST 3 reported a strengthening of their belief in not only observing but also to improving teaching.

Regarding the benefits of working with NiCo and the support provided by the chatbot, the PSTs focused on the process support in noticing teaching situations, sometimes from a general perspective, sometimes from a subject-specific perspective, as most answers could be assigned to categories in this area. In particular, the PSTs mentioned the chatbot’s specific questions (seven PSTs) and feedback (six PSTs), as well as its support in describing situations (seven PSTs), developing alternative courses of actions (eight PSTs) and separating perception from interpretation (eight PSTs). For example, PST 6 stated “NiCo encourages you to provide even more details, to separate perception and interpretation, and then to develop alternative courses of action” and PST 1 mentioned “Support through: very specific questions, constructive feedback on one’s own observations” as beneficial. Some PSTs also highlighted the reasons for the strict separation of perception and interpretation, e.g., PST 9 noted:

“In general, the way NiCo wants to separate objective perception from interpretations and points them out worked very well. I can well imagine that (as with me) behaviors can be recognized that one would not have noticed on one’s own.”

Five PSTs mentioned NiCo’s support in reflecting on the teaching situations: “By NiCos questions and delving deeper and deeper into the interpretation of classroom events, I have discovered things that I did not notice at first glance” (PST 14). The structured guidance and clear structuring of the dialogue through NiCo’s responses (four PSTs) as well as its general suggestions and explanations (two PSTs) were also found to be helpful.

Considering the chatbots usability, PSTs highlighted the ease of use (six PSTs) and fast response time (three PSTs). Three PSTs also emphasized NiCo’s good understanding of the situations described, e.g., PST 2 mentioned: “Understanding and addressing individual issues or aspects worked well. NiCo recognizes the context of the conversation and addresses it appropriately.” The comprehensibility of NiCo’s responses was perceived as supportive by 2 PSTs. In addition, at least some PSTs seemed to appreciate Nico’s praise and reassurance provided in its feedback, as evidenced by three responses that fell into the affective-motivational support categories.

When considering the disadvantages and difficulties of working with NiCo, the PSTs again mostly evaluated the process support from a mathematics pedagogical or general pedagogical perspective. The difficulty of describing the perceived situation in detail and answering the many questions NiCo asks was mentioned most often (nine PSTs). For example, PST 12 stated that “the frequent request [by NiCo] for a very detailed description of the situation is therefore a major obstacle,” all the more so since one would not be able to replay and observe the situation in detail in daily teaching. PST 12 also commented:

“Partially unclear work instructions: “Describe your perception”. However, in the answer to my description, it would be criticized that I have already interpreted. Perhaps I have a wrong understanding of the term, but “perception” includes in my opinion also the interpretation.”

This indicates the difficulty of separating perception and interpretation for some PSTs (three PSTS) but may also imply that NiCo could better justify its inquiry for the separation of perception and interpretation. In terms of NiCo’s output, three PSTs complained about the lack of fit of NiCo’s responses in the light of their intended focus, as evidenced by PSTs’ comments: “Sometimes he [NiCo] gets stuck on a situation that I don’t want to describe or shed light on in more detail” (PST 8). This could mean that the meta-prompt given to NiCo was not flexible enough to handle all of the PSTs’ requests, but it could also indicate that the PSTs had difficulties in prompting NiCo, as their intention may not have been clear enough in their requests. Further, PST 2 noted the lack of new insight, which is consistent with the rating-scale items, and PST 9 and 10 discussed poor quality of the provided alternatives actions. The “laboratory situation” (PST 12), i.e., the artificial nature of the video vignettes, was also mentioned as an obstacle (three PSTs), as it made it difficult for some PSTs to cognitively engage with the stimulus material.

The PSTs criticized some minor technical difficulties (three PSTs), such as freezing and reloading of the website, the amount of writing required when communicating with NiCo and describing situations (PST 9), and some response inconsistencies when re-entering the same prompt (PST 5), which affected NiCo’s usability. The latter may also be indicative of a lack of understanding of GenAI, as the probabilistic nature of its responses by design leads to differing answers when re-entering the same prompt. Finally, three PSTs noted that NiCo’s feedback, which they perceived as “overly embellished” (PST 1) and repetitive, interfered with the AI’s functionality. As some PSTs also mentioned these affective-motivational features as being supportive, this highlights heterogeneous preferences for feedback. Adaptable feedback that matches the preferences of the individual PSTs could be considered for further development of NiCo.

In terms of suggestions for improvement, PSTs made suggestions for the process support and the usability of NiCo. Most frequently, the PSTs asked for specific mathematics pedagogical advice and corresponding courses of action (6 PST). For example, PST 2 suggested:

“That you might learn something new and get to know specific new methods. NiCo often says that you should incorporate exercises and questions. But what might that look like? It would be nice to get recommendations for such exercises and their formats.”

This again underlines the need of the PSTs for subject-specific guidance and indicates that NiCo is not yet able to fully provide this. Three PSTs discussed changes to the structure of the dialogue with NiCo. PST 6 suggested describing the broad outline of the lesson first, rather than just the specific situation, so that NiCo could consider this when asking questions and perhaps make better fitting suggestions. PST 8 recommended that NiCo suggest topics to talk about in the described situation to avoid focus misunderstandings between the PST and NiCo. Moreover, two PSTs wanted suggestions on how to work with NiCo and example prompts. On the usability side, the PSTs mentioned improved input options–namely dictation/speech recognition and perhaps even video upload–to facilitate the dialogues with NiCo and reduce the writing effort. They also asked for easier access options, especially for smartphone use, to enable the use of NiCo in daily teaching life. PST 14 stated:

“An app or other way to use NiCo on the go, if you don’t have a laptop or similar with you, would be useful. Especially on the way home on the bus or train, you can review the day and it is precisely at such moments that NiCo could be helpful.”

Finally, PST 13 advocated restricting access so that parents would not “mutate into amateur teachers or hobby pedagogical researchers”. This indicates a potential conflict of use if NiCo is implemented on a larger scale.





5 Discussion and limitations of the study


5.1 Summary and discussion

In this study, we developed and tested an AI chatbot to facilitate PSTs noticing skills (perception, interpretation and decision-making) by acting as a dialogue partner and feedback authority on perceived classroom situations. The chatbot, NiCo, was developed based on the GenAI model GPT-4o, prompted with a meta-prompt using the latest suggestions for effective prompt engineering (Park and Choo, 2024) and applied chain-of-thought and query-loop methods (Schorcht et al., 2023) (see Supplementary material). We prompted NiCo to guide PSTs through the noticing of teaching situations in a structured way following our conceptualization of teacher noticing as perception, interpretation, and decision-making and supported the model via RAG prompting with external knowledge from previous studies on teacher noticing (Jacobs et al., 2010; Kaiser et al., 2015; van Es et al., 2017), which could be accessed dynamically to inform context-sensitive responses. Moreover, the prompt included detailed instruction for NiCo to provide specific, empathic, and activating feedback to the PSTs (Jacobsen and Weber, 2023) in the sense of persona prompting. By embedding our three-facet noticing framework directly into the chatbot’s architecture, this work extends current AI-in-education research by operationalizing theoretical constructs within an interactive GenAI tool, a novelty that shifts AI applications from generic tutoring toward theory-driven pedagogical scaffolds.

As shown in the results (RQ1), the used meta-prompt facilitated a dialogue between the PSTs and NiCo, even though the GenAI was not given the specific teaching situation and only worked with the PSTs’ descriptions. This allowed NiCo to be used in a variety of situations, including events from the PSTs’ own experience, and provides initial evidence of the feasibility of the design used. However, the applicability to a variety of teaching situations may have reduced the specificity of NiCo’s responses, as some PSTs noted in their feedback that the AI’s questions and suggestions were not appropriate for the focused teaching situation and that they wished for more detailed, content-specific help.

In terms of prior experience and skills (RQ2), PSTs reported some prior experience with digital media and AI, and assessed their AI skills as moderate, indicating a sufficient skill base to work with GenAI. Their generally positive assessment of their skills and GenAI is consistent with previous research on PSTs’ beliefs about AI and their willingness to apply AI tools (Thararattanasuwan and Prachagool, 2024; Zhang et al., 2023). However, some feedback revealed misunderstandings about how GenAI works, and a few PSTs requested scaffolding, such as prompt examples, for their work with NiCo. Thus, PSTs with difficulties or less experience in working with GenAI need to be considered when adapting the chatbot for future use. Moreover, although PSTs stated sufficient experience in mathematics pedagogy in general, they seemed to have less experience in specific aspects of algebra education, which were evident in the video-vignettes used, and the construct of teacher noticing. This may imply that the PSTs lacked some knowledge and skills for noticing the teaching situations in a productive way, which is in line with previous research (Lee et al., 2025; Zhang et al., 2024). Further, it could again explain why the PSTs asked for more content-specific help; finally, some PSTs criticized the separation of the three facets of teacher noticing.

Considering feedback (RQ3), the PSTs perceived their work with NiCo and the dialogues overall as motivating and useful to develop and improve teacher noticing skills in perception, interpretation and decision-making. PSTs reported that NiCo supported them in the detailed perception and comprehensive interpretation of teaching situations as well as the multiple generation of alternative courses of action. This provides evidence for the feasibility of an AI chatbot for facilitating dialogues about noticed teaching situations from the perspective of PSTs. This is also supported by the PSTs’ willingness to use NiCo in the future. Overall, by centering user perceptions of AI-mediated noticing, our study contributes novel insights into how generative chatbots can foster reflective practice in ways that traditional professional development formats cannot, underscoring their potential for scalable, just-in-time professional learning.

However, PSTs indicated that they did not learn anything new from working with NiCo, which probably referred to mathematics pedagogical content knowledge and general pedagogical methods. Although the knowledge and method transfer was not the main purpose of NiCo, as its meta-prompt focused on facilitating noticing processes, linking PSTs’ own knowledge to the teaching situation, and providing feedback, this highlights an area for improvement for future research. However, the currently available general GenAI models still show somewhat weak performance in content-specific areas of teacher education (Buchholtz and Huget, 2025). The platform used in this study did not allow to include much background knowledge for the GenAI. Future research could include a more robust knowledge base and adapt the basic GenAI model for the chatbot, for example using more specified retrieval-augmented generation methods (Zhao et al., 2024), to allow for more accurate and meaningful answers. This would also address the PSTs’ request for more specific mathematics pedagogical advice and alternative courses of action. While our current implementation shares conceptual similarities with the logic of retrieval-augmented generation (RAG), it remains technically limited to a platform-based architecture, where relevant documents were statically uploaded. These documents were embedded and made available for semantic access during inference, but the system lacked mechanisms to actively select and retrieve specific pieces of information in response to the learners’ prompts. In contrast, a fully developed RAG architecture would allow for real-time retrieval from a larger, structured knowledge environment, such as curriculum documents, annotated classroom transcripts, or didactic frameworks. Such a system could significantly enhance domain specificity, as large language models tend to reach their limits when it comes to generating pedagogically precise or content-sensitive instructional advice. The more specific the educational context, the more crucial it becomes to connect the GenAI’s reasoning processes with trusted, structured educational resources.

Some PSTs found the feedback given by NiCo to be overly positive, repetitive, and, thus, intrusive, while others described the AI’s feedback as helpful. This difference in feedback reception adds to the findings of Jacobsen and Weber (2023), who used a comparable prompt to elicit feedback. In the future, feedback preferences should be incorporated into the prompts while maintaining the quality of the prompt and the output.

Overall, the usability of NiCo was rated positively, with the PSTs stating that NiCo was easy to use, fast, and understandable in its questions and answers. However, PSTs criticized the amount of typing required to work with the chatbot and thus suggested easier input methods, such as speech recognition or direct audio input. This could also allow for a more natural experience, as PSTs could have a real conversation with the AI. Further, PSTs suggested creating easier ways to access NiCo. Hence, in order for teachers to be able to use a chatbot like NiCo to support their daily teaching experience, aspects of usability and accessibility need to be included in the creation of future chatbots.



5.2 Limitations of the study

Because this study represents an initial study with a small sample size, the results are not easily generalizable to other contexts and the number of category occurrences is not representative. The construction of the chatbot and the PSTs’ feedback only allow an insight into the feasibility of the chatbot approach, the generation of hypotheses about its functioning, and the chatbots’ strengths as well as areas of improvement. In addition, the constructed chatbot was limited since the platform used only allowed for a small amount of background material. Future research should include a more comprehensive knowledge base.

In addition, in this study, we only examined the feedback from the PSTs, thus focusing on a user-centered perspective. The usefulness of chatting with NiCo was only self-assessed, so no external assessment took place. Analysis of the actual chat transcripts in future research will provide further insight into the usefulness, functionality, and ability of a NiCo to improve PSTs noticing skills.

Furthermore, a fundamental limitation of our study may arise from the probabilistic nature of GPT-4o’s responses. Because the model generates text by sampling from learned token distributions rather than via genuine semantic understanding, its feedback may lack the depth or novelty required to introduce new pedagogical insights. This probabilistic generation can lead PSTs to perceive the interaction as reflective yet ultimately reiterative, which may explain why some PSTs reported “learning nothing new.” Future work should further explore hybrid architectures that combine deterministic, knowledge-grounded modules with generative language models to balance open-ended reflection with reliable, content-rich guidance, thereby addressing the tension between reflective scaffolding and the inherent unpredictability of GenAI outputs.




6 Conclusion

Given the need for scalable and efficient methods to develop noticing skills of (pre-service) teachers and new possibilities of AI application in teacher education, this study explored the use of a GenAI chatbot to provide individualized support and feedback to PSTs in noticing classroom situations. The findings show the potential perceived by PSTs to facilitate dialogues about noticing specific classroom situations, the overall good usability of the concept, and some areas for improvement. By embedding a theory-driven noticing framework directly into the chatbot’s prompt design, we demonstrate a novel approach to operationalizing teacher noticing within AI-mediated interactions, advancing both research and practice.

Overall, this study illustrates an innovative way to foster teacher noticing skills, that may be introduced on a larger scale in the future and, thus, would allow more (pre-service) teachers to obtain support in the development of their noticing skills at an easily accessible level. Practically, NiCo could be integrated into existing teacher education and professional development programs as an on-demand reflective partner, allowing PSTs and in-service teachers to engage in targeted noticing exercises alongside traditional seminars, workshops or internships. This blended model would harness NiCo’s scalable availability to reinforce workshop content, support peer-led video clubs, or supplement mentoring sessions.

For future research, we recommend to evaluate the impact of sustained NiCo use on observable changes in teacher noticing skills for example by classroom observation or through the use of AI-PST chats to complement the findings of the present study.

Furthermore, subject-specific adaptations of the chatbot need to be explored, for instance by embedding discipline-tailored knowledge bases to deepen the content relevance. Additionally, hybrid chatbot architectures need to be investigated that combine generative dialogue with deterministic, knowledge-grounded modules to balance open-ended reflection and domain specificity.
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Footnotes


1      The analysis of AI-PST-chats is not part of this study.

2      Note that the two seminars received the videos in reverse order to control for serial effects.

3      https://fobizz.com

4      For a conservative calculation, we estimated interrater reliability not based on occurrences in a response but on code overlap on segments of at least 90% (VERBI Software, 2024) and used the recommendations of Brennan and Prediger (1981) to calculate the kappa value.

5      Unfortunately, due to the processing restrictions of fobizz, we were only able to upload two documents with descriptions on the approach of teacher noticing (Bastian et al., 2022; Bastian et al., 2024) and basic mental models in algebra education (Korntreff and Prediger, 2021) and could not provide more extensive information to the AI.

6      To identify responses from the same person while maintaining anonymity, we assigned random numbers to the PSTs.
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This paper examines the profound impact of artificial intelligence (AI) and geopolitics on cross-border higher education cooperation. AI has the potential to enhance educational accessibility and collaboration efficiency by enabling personalized learning, virtual classrooms, open resource platforms, and open-source research collaborations, ultimately helping bridge global educational gaps. However, significant challenges arise, such as techno-nationalism (e.g., semiconductor export controls), data sovereignty conflicts (e.g., GDPR restrictions), divergent algorithmic values, and the expanding digital divide. To address these challenges, this study proposes several solutions: the creation of an inclusive technological ecosystem (including open-source platforms, shared computing power, and cross-cultural models); the development of mutual recognition mechanisms (such as data stratification and standard harmonization); the strengthening of South-South cooperation through digital public goods; and the reconstruction of ethical consensus, emphasizing cultural diversity and human-in-the-loop principles. Notably, China has actively contributed to these efforts through technological empowerment (e.g., National Smart Education Platform, Luban Workshops), regulatory input (e.g., Global Governance Initiative), and infrastructure support. Looking ahead, the paper argues for the establishment of an “Intelligent Education Community,” guided by the principles of “extensive consultation, joint contribution, shared benefits, and wise governance,” to ensure that AI advances global educational equity and promotes human progress.
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1 Introduction

The world today is experiencing a dual wave of technological transformation and geopolitical restructuring. The rapid development of artificial intelligence (AI) is fundamentally changing the way knowledge is produced, disseminated, and acquired, while profound shifts in the global geopolitical landscape are reshaping the basic logic of international cooperation (Chaudhry and Kazim, 2022; Fernández et al., 2023). According to data from the 2025 Artificial Intelligence Action Summit, over 90% of the world’s top universities have adopted AI-powered teaching tools. Educational digitalization has evolved from a supplementary tool into a core component of higher education infrastructure. At the same time, the rise of techno-nationalism, intensifying digital sovereignty rivalries, and the fragmentation of international rules have created an unprecedentedly complex environment for cross-border educational cooperation. Traditional models of higher education internationalization–based on physical mobility and fixed curriculum systems–are undergoing disruptive reconstruction (Luo, 2022; Luo and Van Assche, 2023).

The integration of artificial intelligence and cross-border higher education is unfolding across multiple dimensions. At the technological application level, innovations such as adaptive learning systems, virtual laboratories, and multilingual AI tutors are making it possible to deliver education across geographic boundaries. The UK’s Open University, for example, has used AI translation tools to localize its courses into 37 languages including Swahili, significantly enhancing access for learners in underrepresented regions. AI is also enabling more personalized and flexible learning pathways, thus making education more inclusive and learner-centered (Dang et al., 2021; Wang et al., 2022; Sallam, 2023).

In terms of cooperation models, the landscape is shifting from traditional modes like offshore campuses and credit transfer agreements toward new forms of collaboration based on data sharing, platform interoperability, and joint research. China’s international edition of the National Smart Education Public Service Platform now connects over 1,300 universities worldwide, forming a decentralized global resource network. In 2024 alone, the platform recorded over 210% growth in its user base, reflecting strong international demand for open and intelligent education infrastructure (Groot et al., 2020).

Geopolitically, the landscape of cooperation is being reshaped by major global forces, including the U.S.–China tech rivalry, the European Union’s Artificial Intelligence Act, and multilateral initiatives such as the BRICS Digital Education Alliance. These developments have produced a contradictory scenario in which “technological sovereignty” and “open science” coexist, often uneasily. Regulatory divergence, infrastructure gaps, and differing values embedded in AI algorithms have all contributed to growing tension between national interests and global collaboration (Vijayakumar, 2022; Wang et al., 2024).

To contextualize this transformation, recent studies from adjacent domains provide insights into how policy-driven digital interventions reshape institutional landscapes:

First, Xu et al. (2025) examined the systemic effects of China’s National Civilized Cities initiative and found that coordinated top-down policies significantly improved regional sustainability outcomes, both economically and environmentally (Yang et al., 2025). This parallels how coordinated AI-enabled education strategies–especially when embedded in national development agendas–can drive fundamental shifts in higher education models and infrastructure. It underscores the idea that digitalization, when policy-aligned, can serve as a structural catalyst for institutional transformation across borders.

Second, Wang and He (2024) investigated how environmental regulatory frameworks influenced the technological complexity of high-tech industry exports in China (Yang et al., 2024). Their findings suggest that policy environments play a decisive role in shaping national innovation pathways. This insight is particularly relevant to the context of cross-border higher education, where geopolitical forces and techno-nationalist policies increasingly shape the direction and ethics of AI deployment in global knowledge systems.

Third, Zhai et al. (2023) analyzed the impact of cross-border e-commerce pilot zones and revealed how digital infrastructure, supported by policy integration, fosters inclusive regional development and transnational collaboration (Yang et al., 2023). This finding echoes the current shift toward decentralized educational platforms and data-sharing frameworks in higher education. Just as e-commerce platforms enhanced trade interoperability, AI-powered education ecosystems can lower barriers to academic collaboration and promote shared digital knowledge across geopolitical boundaries.

Understanding this transformation requires returning to the fundamental purpose of education and responding to the imperatives of our time. As emphasized by UNESCO, the digitalization of education is not simply a technological application but a new pathway to realizing the right to education. Against the backdrop of intertwined AI and geopolitical dynamics, cross-border higher education cooperation now faces three central challenges: how to leverage AI to bridge rather than widen educational inequalities; how to safeguard academic freedom and universal values amidst the competition over technological sovereignty; and how to build a global education governance system that balances innovation with inclusiveness, and ethics with security (AlShebli et al., 2024; Ducret et al., 2024).

This paper aims to provide a systematic response to these questions by analyzing the emerging opportunities, identifying the key challenges, and proposing viable pathways forward. Through this framework, it seeks to contribute to the reimagining of cross-border higher education in an era defined by intelligent technology and geopolitical complexity.

This research aims to critically explore how the integration of artificial intelligence (AI) into cross-border higher education can reshape global educational cooperation while addressing the challenges posed by technological and geopolitical dynamics. The central purpose of this study is to identify the key opportunities that AI offers in enhancing educational accessibility, equity, and flexibility, and to investigate the potential risks that arise from geopolitical rivalries, data sovereignty conflicts, and regulatory fragmentation. By examining these interrelated factors, this research seeks to propose viable solutions for ensuring that AI can serve as a tool for inclusive and innovative education while maintaining academic freedom, ethical standards, and global cooperation. Ultimately, the goal is to provide a comprehensive framework that informs the future development of international educational policies and governance systems, ensuring that AI advances not only technological progress but also universal educational values.



2 Methods

This article adopts a qualitative and interpretive approach to review recent developments at the intersection of artificial intelligence, geopolitics, and cross-border higher education. The materials discussed in this manuscript were selected through a comprehensive reading of relevant academic and policy-oriented sources published in recent years. These include journal articles, policy documents, international initiatives, and case-based reports that explore the technological, regulatory, and strategic dimensions of global education cooperation.

The inclusion criteria were: (1) relevance to AI applications in international higher education or educational governance, (2) focus on geopolitical or regulatory dimensions, and (3) empirical or conceptual contributions to educational transformation, digital infrastructure, or policy formation. Exclusion criteria included sources lacking substantive discussion of cross-border cooperation or those focused solely on domestic applications of AI in education.

A thematic coding process was applied to identify and cluster core dimensions emerging from the literature, including AI empowerment in education, techno-nationalism, data sovereignty, regulatory divergence, South–South cooperation, and ethical governance. These themes formed the basis of the analytical structure of the manuscript. Special attention was given to China’s role in global digital education initiatives, which was treated as a separate sub-theme given its strategic relevance.

To ensure the analytical rigor and reliability of the thematic analysis, the coding process was independently conducted by two authors. Each author reviewed the selected materials and performed open coding using an inductive approach, allowing key themes to emerge naturally from the data. The initial coding results were then compared, and differences in theme boundaries, terminology, or interpretation were identified.

To resolve these discrepancies, a third author acted as an adjudicator and facilitated a structured consensus-building process. Through a series of joint discussions, the team refined the thematic framework, clarified the definitions of each category, and agreed on a unified codebook. This revised coding scheme was subsequently applied across all materials to ensure consistency in theme identification and application.

Throughout the process, analytical memos were maintained to document coding decisions and justifications, providing an audit trail to enhance transparency. Regular team meetings were held to reflect on emerging insights and ensure a balanced integration of multiple perspectives. This collaborative, multi-author approach helped reduce individual bias, improve coding coherence, and strengthen the validity of the review.

To ensure a global perspective, the review incorporated literature from both Western and non-Western academic traditions, and drew upon case studies from Africa, Southeast Asia, and Latin America where available. This approach allowed for a balanced, inclusive, and policy-relevant examination of how AI and geopolitical dynamics jointly shape the future of international higher education (Ejaz et al., 2022; Gilbert, 2024).



3 AI empowerment: a transformative force in cross-border educational cooperation


3.1 The reconstruction and innovation of teaching models

Artificial intelligence is fundamentally reshaping the pedagogical landscape of cross-border higher education. The application of generative AI has enabled unprecedented levels of precision in personalized learning support. For instance, practices at institutions such as Athabasca University in Canada demonstrate how AI systems, by analyzing student interaction data, can dynamically adjust content difficulty, recommend culturally relevant case studies, and provide 24/7 academic tutoring. These features have significantly enhanced learner engagement and course completion rates among international students from diverse backgrounds (Arslan et al., 2024; As’ad, 2024).

More profound, however, is the transformation of the educator’s role–from that of a knowledge transmitter to a designer of pedagogical frameworks. Within international collaborative programs, faculty are increasingly tasked with creating cross-cultural learning environments, facilitating critical inquiry, and guiding ethical reflection. The cognitive and affective dimensions of teaching–previously constrained by time and geography–are being amplified through intelligent systems that assume partial responsibility for content delivery and assessment (Almansour et al., 2025; Symeou et al., 2025).

The rise of virtual academic exchange has also dismantled traditional geographical boundaries in education. In 2024, leveraging platforms like the Global MOOC and Online Education Alliance, institutions such as Tsinghua University offered hundreds of globally integrated courses, drawing tens of thousands of learners from over 150 countries. With the aid of immersive technologies such as virtual reality, Brazilian students can now “walk through” the Forbidden City while studying Chinese architectural history, while Malaysian students can “operate” German Industry 4.0 virtual production lines (As’ad, 2024; Wu et al., 2025). These multi-spatial, hybrid learning experiences foster a new mode of internationalization–marked by physical absence but cognitive presence–enabling a deeper level of global engagement.

Equally significant is the role of AI in lowering the institutional barriers to international cooperation. The “EduPX” system, developed by Beijing Normal University, is an AI-driven education policy and planning agent capable of operating in twelve languages including Chinese, English, French, and Spanish. It provides cross-border education stakeholders with decision-support tools such as curriculum alignment standards, quality assurance frameworks, and policy analysis modules. By automating and optimizing administrative processes, such tools help reduce regulatory friction, improve interoperability, and streamline governance in joint education programs (Létourneau et al., 2025; Zhou and Peng, 2025).

In sum, AI is not merely a supplementary tool in the educational process–it is a transformative force that is redefining how teaching is structured, delivered, and experienced across borders. Its integration into cross-border higher education signals a shift toward more adaptive, inclusive, and globally interconnected learning ecosystems (Table 1).


TABLE 1 Primary application scenarios and benefits of AI in cross-border higher education.


	Application domain
	Representative technologies
	Collaboration case
	Key benefits





	Learning support adaptive
	Learning systems, intelligent tutors
	The open university UK’s African localization project language barriers reduced;
	Course completion rate increased by 34%



	Teaching collaboration
	Virtual classrooms, collaborative editing tools
	Tsinghua university’s global hybrid courses
	153 countries participated; resource access latency < 0.3 s



	Management decision
	Policy intelligence agents, data visualization
	BNU EduPX system
	Multilingual policy analysis efficiency improved by 50%



	Quality assurance
	Learning analytics, predictive intervention
	Open university Malaysia regional centers
	Student attrition rate in remote areas decreased by 22%








3.2 Global mechanisms for equitable access to educational resources

Artificial intelligence has opened new possibilities for the global redistribution of educational resources. Traditional models of cross-border education have long been constrained by physical infrastructure and institutional capacity, often resulting in a “core–periphery” structure that reinforces global educational inequality. In contrast, the rise of AI-driven Open Educational Resources (OER) is reshaping this landscape, promoting more decentralized, inclusive, and equitable access (Gamage et al., 2022).

For example, the international version of China’s National Smart Education Public Service Platform integrates over 27,000 MOOCs, 18,000 virtual simulation experiments, and 1,200 discipline-specific digital teaching repositories. These high-quality resources are made freely accessible to users in developing countries, offering them opportunities previously limited to elite institutions. Notably, in 2024, 68% of newly registered users on the platform came from Asia, Africa, and Latin America, reflecting a significant southward flow of educational content and the potential for AI to rebalance global knowledge exchange (Zhu et al., 2023).

At the heart of equitable access lies the ability to localize content effectively. The experience of Open University Malaysia offers valuable insights: by developing AI-based translation tools that convert international courses into Malay, Tamil, and other regional languages, and by adapting course cases to Southeast Asian cultural contexts, the university significantly improved learners’ comprehension–raising the completion rate for an agricultural technology course from 52% to 89%. This underscores the importance of both linguistic and cultural adaptation in achieving meaningful access (Li et al., 2024).

However, the promise of AI translation is not without risk. As Professor Rob Farrow has noted, AI tools designed for literature and discourse analysis may misinterpret or devalue local narrative structures, inadvertently marginalizing indigenous knowledge systems. To address this, the China–ASEAN Vocational Education Community has adopted a dual-track content development model: international experts provide the foundational knowledge architecture, while local educators embed cultural relevance and context. This approach helps create educational resources that are both globally shareable and locally rooted.

Universal access also depends on robust supporting infrastructure. In remote islands of Southeast Asia, Open University Malaysia has established regional learning hubs equipped with offline AI-enabled terminals. In rural parts of Africa, Chinese-funded “Smart Mobile Classrooms” use satellite connections to access international education platforms. These innovations help bridge the “last mile” of digital learning, extending AI-powered education to populations previously unreachable by conventional systems.

Nevertheless, systemic challenges persist. As of recent global assessments, only about 45% of the least developed countries have reliable access to electricity, severely limiting the deployment of AI-based educational tools. Realizing the full potential of AI-driven global education equity will therefore require not only technological innovation, but also sustained investment in foundational infrastructure, stronger multilateral cooperation, and inclusive financing mechanisms to support underserved regions (Al Mazrooei et al., 2022; Zhu et al., 2023).

In sum, AI offers a transformative opportunity to create a global educational commons–but realizing this vision demands a balance between digital innovation, cultural respect, and infrastructural justice.



3.3 A paradigm shift in scientific collaboration

Artificial intelligence has significantly enhanced both the depth and efficiency of cross-border scientific collaboration. Under traditional research models, international cooperation was often constrained by time zones, limited access to shared infrastructure, and high coordination costs. AI-driven collaborative platforms are now transforming this landscape by enabling real-time data integration, distributed computing, and seamless communication across borders.

For instance, the European Union’s Science Cloud initiative links high-performance computing centers across 17 countries to support large-scale climate change simulations with distributed computing power. In parallel, Chinese astronomers have used the AI-based “Sky Survey” platform to coordinate observatories in Chile and South Africa, enabling real-time monitoring of southern hemisphere galaxies. These cases illustrate how AI can orchestrate globally dispersed resources to achieve integrated scientific outputs (Trägårdh et al., 2020; Zhu et al., 2023).

Large language models (LLMs) are also emerging as catalysts for research innovation. Open-source models such as DeepSeek and LLaMA are empowering researchers in resource-constrained regions to participate in cutting-edge scientific exploration. A notable example is the agricultural AI project in Ethiopia, where local scientists built a crop disease diagnosis system using open-source models. By combining satellite imagery provided by Chinese institutions with plant genome data from French repositories, the system achieved a 92% accuracy rate in predicting coffee leaf rust outbreaks. This model of “open technology+data sharing” exemplifies the role of AI in democratizing global knowledge production and narrowing the research capability gap between developed and developing countries (Roberts et al., 2021). These regulatory divergences not only shape technical and institutional architectures but also reflect deeper philosophical tensions around data control, accountability, and the values embedded in AI governance.

However, the rapid expansion of AI in scientific research also raises complex ethical challenges. There are considerable divergences among China, the United States, and the European Union regarding algorithmic transparency, data sovereignty, and ethical oversight. The EU mandates strict governance for “high-risk” AI research under its Artificial Intelligence Act, emphasizing human rights and accountability. China advocates a balanced approach that promotes development while safeguarding national security. Meanwhile, many developing countries express concern over becoming “ethical colonies”–forced to adopt foreign regulatory standards that may not align with their socio-political contexts or research priorities (Abiri et al., 2023). This contrast in governance models–between normative assertiveness and pragmatic sovereignty–raises critical questions about the future of global AI coordination and the legitimacy of emerging digital education frameworks.

To address this tension, the BRICS framework for AI ethics has proposed the principle of “mutual recognition with differences.” This approach encourages countries to develop domestic ethical and regulatory standards tailored to their national conditions, while establishing interoperability through equivalence assessments. Such a model offers a flexible and pluralistic path to governing cross-border scientific research, allowing for ethical diversity without sacrificing international collaboration (Bontempi et al., 2024).

In sum, AI is not merely optimizing existing research methods–it is redefining the very paradigm of global scientific cooperation. As collaborative platforms, foundational models, and shared data infrastructures continue to evolve, the future of research will depend on our ability to build inclusive, transparent, and ethically sound systems that transcend national boundaries while respecting local contexts. These structural tensions around infrastructure and institutional alignment inevitably raise pressing questions about who controls data, how it flows across borders, and which values underpin its governance–concerns that are at the heart of the emerging debate on data sovereignty.




4 Geopolitical challenges: structural barriers to international cooperation


4.1 Techno-nationalism and academic fragmentation

Rising technological competition–now elevated to the realm of national strategic security–is profoundly reshaping the landscape of cross-border educational collaboration. The United States’ CHIPS and Science Act, which restricts the export of high-performance GPUs to China, has directly impacted numerous joint AI research projects between Chinese and American institutions. According to recent studies, nearly 30% of China’s dual-degree programs have had to adjust curricula due to limited computing capacity, severely hindering teaching in cutting-edge fields such as machine learning (Tang et al., 2025).

More concerning is the trend toward secondary sanctions in technology governance. In 2024, Delft University of Technology in the Netherlands was forced to terminate its joint autonomous driving research with Chinese partners after being flagged for using American chip design tools–despite not being a U.S. institution. This kind of “long-arm jurisdiction” has entangled academic collaboration in the vortex of geopolitical rivalry, blurring the boundaries between education, research, and strategic competition.

Artificial intelligence technological development is also becoming increasingly polarized along geopolitical lines. The United States, through closed-source ecosystems like OpenAI and Anthropic, is reinforcing proprietary technological barriers(Hahn and Oleynik, 2020). In contrast, China is charting a more open-source-driven path with models like DeepSeek and Zhipu. Meanwhile, the European Union positions itself as a “third pole,” using regulatory tools–such as the Artificial Intelligence Act–to assert ethical leadership. This divergence in technical trajectories is weakening the foundation for educational cooperation. Joint publications between Chinese and U.S. universities in natural language processing, for instance, declined by 43% since their 2021 peak, while China–EU collaborations in AI ethics rose by 35%, reflecting a geopolitically influenced realignment of academic networks (Fung and Etienne, 2023).

Academic freedom is increasingly subject to institutional pressure. The U.S. National Science Foundation (NSF) now requires AI research projects to sign “technology protection agreements.” China’s “indigenous innovation” policy mandates the localization of educational data storage. The EU’s GDPR restricts the cross-border flow of biometric and other sensitive data. While these policies may be grounded in legitimate security concerns, they collectively contribute to the emergence of a “digital iron curtain.” As one Harvard professor warned, “When scientists must undergo political screening just to share code, the engine of scientific progress stalls.”

In sum, techno-nationalism is no longer a peripheral concern–it has become a structural barrier to international academic cooperation. The erosion of shared infrastructure, misaligned regulatory regimes, and rising distrust among global powers threaten to fragment the once-open landscape of global knowledge exchange. Addressing this challenge requires not only technical interoperability but also renewed commitments to academic openness, mutual trust, and the depoliticization of science (Sun et al., 2024; Wang et al., 2024).



4.2 Digital sovereignty and conflicts in data governance

Data has emerged as a new form of strategic asset, and divergent national regulatory frameworks are increasingly impeding the free flow of educational data across borders. The European Union’s General Data Protection Regulation (GDPR) enshrines the principle of “data subject primacy,” requiring explicit consent from students before AI systems can process their personal information. In contrast, China’s Interim Measures for the Management of Generative AI Services emphasizes “data security assessments,” imposing strict limitations on the export of sensitive data. Southeast Asian nations have adopted a more flexible stance, permitting the cross-border transfer of certain types of educational data under defined safeguards.

These differences have led to both friction and breakthroughs in practice. A Sino-German digital education project was delayed for 18 months due to disputes over the transmission of student facial expression data, while a China–Singapore smart campus initiative advanced smoothly thanks to a mutually recognized data classification and protection framework. These contrasting cases underscore the critical importance of institutional compatibility and governance interoperability in cross-border collaboration (Pesapane et al., 2018).

Beneath the legal and procedural tensions lie deeper cultural and ideological divisions–particularly in the values encoded within AI algorithms. Western education AI systems tend to prioritize individualism, tailoring content to personal learning styles and encouraging critical thinking. In contrast, many East Asian models emphasize collective efficacy, focusing on improving overall classroom performance and reinforcing foundational knowledge. This divergence reflects not only pedagogical differences but also cultural worldviews about education, learning, and social development.

The conflict intensifies when algorithmic design becomes a vehicle for ideological projection. For example, one U.S.-based MOOC platform embedded a “democracy index” into its course recommendation algorithm, sparking backlash from multiple countries who viewed it as political interference. In response, Kazakhstan’s Digital Education Act now mandates that “educational algorithms must reflect national cultural values.” These developments highlight a core tension in cross-border educational AI cooperation: AI is not merely a neutral tool–it is also a carrier of culture and a medium of value transmission.

At a structural level, dependency on global infrastructure further exacerbates power asymmetries. Today, approximately 92% of education-focused AI platforms operate on just three cloud service providers: AWS, Azure, and Alibaba Cloud. Most leading learning analytics tools originate from companies in the United States or Europe. This concentration creates technological dependencies that limit autonomy. For instance, when Indonesian universities host online courses on U.S. platforms, their student data is automatically funneled into third-party monitoring networks. Similarly, when African institutions rely on AI laboratories donated by external actors, they are often constrained by the donor’s terms regarding maintenance, updates, and system integration (Nemitz, 2018; Zhou and Peng, 2025).

Recent empirical work by Chan et al. (2024) provides valuable insight into how generative AI can enhance university-level English writing proficiency. In a large-scale randomized controlled trial involving 918 undergraduate students in Hong Kong, the authors examined the effects of automated feedback generated by GPT-3.5-turbo on students’ academic writing performance. The study found that students who received AI-generated feedback demonstrated statistically significant improvements in their writing quality compared to those in the control group. Moreover, survey and interview data revealed increased motivation and engagement among students, with many reporting that AI feedback allowed them to learn more efficiently and independently. However, some students also reported mixed emotional responses, such as feelings of anxiety, overreliance on the technology, and concerns about the accuracy of AI-generated corrections. These emotional reactions highlight the complex relationship between students and AI in educational contexts.

This work not only highlights the pedagogical benefits of large language models but also underscores the need to address the affective and ethical dimensions of AI-assisted learning in multilingual, cross-cultural higher education settings. While generative AI shows promise in reducing the cognitive load of manual writing corrections, it raises concerns about the potential for diminishing critical thinking and creativity in students. AI’s reliance on predefined algorithms may inadvertently reinforce biases, making it essential to develop systems that ensure fairness, transparency, and adaptability to diverse linguistic and cultural needs. Furthermore, future research should explore the long-term impacts of AI feedback on student development, including its role in fostering self-regulation and academic autonomy. Ethical considerations, such as the protection of students’ data privacy and the potential for AI to replace human interaction in feedback processes, must also be critically examined (Chan et al., 2024).

China’s National Smart Education Platform (International Version) offers a vivid case of how state-led digital infrastructure can serve as a conduit for educational globalization. Launched in 2022 under the Ministry of Education, the platform provides free access to over 25,000 courses, including general education (K–12), higher education, vocational training, and teacher professional development. The content spans disciplines such as mathematics, artificial intelligence, engineering, Chinese language, and Marxist theory, available in both Mandarin and English. As of March 2024, official data report that the platform has attracted 8.46 million international visits, with more than 412,000 active registered learners from 36 developing countries, particularly across Southeast Asia, the Middle East, and Sub-Saharan Africa.

Several bilateral cooperation programs have been established through the platform, including the “Digital Silk Road Education Initiative,” which supports digital curriculum exchange and remote teacher training. In Laos, for example, more than 4,000 secondary school students enrolled in platform-hosted STEM courses, and 360 teachers received AI-enhanced pedagogical training by late 2023. In Ethiopia, digital literacy scores among participating schools improved by 22%, as reported in a joint monitoring report by Addis Ababa University and East China Normal University (Shen and Sun, 2022). Moreover, the platform’s multilingual AI-powered translation engine processed over 12 million words of educational content into Arabic, French, and Swahili, directly supporting curriculum localization and inclusion for partner nations (Ma et al., 2025).

Importantly, qualitative feedback from participating institutions underscores institutional transformation beyond content delivery. A 2023 UNESCO-affiliated policy forum highlighted how the platform enabled decentralized teacher development in countries with limited access to in-person upskilling programs. In Uzbekistan, where over 1,100 university instructors engaged with the platform’s blended learning modules, the Ministry of Higher Education formally integrated co-developed courses on AI literacy and digital ethics into its national curriculum blueprint. These outcomes demonstrate that China’s platform is not merely a technical export but a strategic vehicle for shaping educational governance, pedagogical values, and digital dependencies in the Global South.

From a human rights perspective, this study not only explores the opportunities and challenges posed by artificial intelligence (AI) and geopolitics in cross-border higher education, but also examines the far-reaching societal implications of these developments. As AI continues to reshape educational systems globally, it is essential to ensure that its application aligns with fundamental values such as human dignity, autonomy, and equality. Particular attention must be paid to the risks it poses to privacy, academic freedom, and equitable access to information, especially in regions where legal and regulatory frameworks remain underdeveloped. A careful examination of AI’s roles in surveillance, data collection, and automated decision-making is necessary to protect vulnerable groups from discrimination and exploitation.

Furthermore, viewing AI development through a human rights lens highlights the need to promote inclusivity, fairness, and social justice in AI-driven education. This means ensuring transparency in AI systems, accountability in their use, and safeguarding the rights of students from algorithmic bias and structural inequality. By grounding this research in human rights principles, it contributes to current academic discourse and helps ensure that international educational cooperation remains both technologically innovative and ethically responsible. Ultimately, this approach promotes a future in which AI supports a fair, inclusive, and just global educational landscape.

In response to these concerns, UNESCO has advocated for the development of Digital Public Goods (DPGs)–open, interoperable, and inclusive technological infrastructures that empower developing countries with greater freedom of choice. By investing in DPGs, the international community can help build a more balanced digital ecosystem–one that reduces dependency, respects cultural sovereignty, and fosters equitable participation in global educational innovation (Table 2).


TABLE 2 Mechanisms of geopolitical factors’ impact on cross-border AI educational collaboration.


	Geopolitical dimension
	Typical policy/event
	Impact on educational collaboration
	Case example





	Tech sovereignty competition
	US chip export controls
	Restricts sharing of high-performance computing resources
	40% reduction in Sino-US dual-degree AI programs



	Data localization requirements
	Implementation of EU GDPR
	Increases costs of cross-border data flows
	18-months delay in Sino-German educational AI projects



	Standards system competition
	China’s “global AI governance initiative”
	Promotes standards coordination among global south countries
	Establishment of BRICS AI education standards alliance



	Infrastructure game
	Global digital compact negotiations
	Sparks disputes over educational cloud service rules
	Indonesia mandates localized storage of educational data








4.3 The stratification of the digital divide

Artificial intelligence has the potential to exacerbate global educational inequality, particularly through the deepening of existing digital divides. Developed countries enjoy a triple advantage in computing infrastructure, data availability, and talent concentration. For instance, the average AI infrastructure investment per university in the United States is 17 times higher than that in India. Europe hosts approximately 43% of the world’s top AI researchers. In China, the budget for intelligent education across “Double First-Class” universities exceeds the combined funding available to the top universities in Africa. These disparities reinforce a “core-dominated” structure in cross-border educational cooperation: nearly 80% of AI-powered education collaboration projects are initiated by institutions in North America, Europe, or East Asia, while African institutions are frequently positioned as data providers rather than co-creators in the design and governance of such initiatives (Al Mazrooei et al., 2022). Building on these findings, the following section explores the broader normative and strategic implications–particularly how AI and geopolitical dynamics shape governance values, institutional legitimacy, and the prospects for inclusive international cooperation.

Hardware inequality translates directly into educational exclusion. In rural Kenya, students access AI-based courses over 2G networks, experiencing an average latency of 8 s per interaction. In Bangladesh, chronic electricity shortages have rendered approximately 40% of smart classrooms non-functional. As Professor Tan Qing observed, “AI learning platforms depend on stable connectivity, and in infrastructure-deficient regions, operational feasibility becomes a critical challenge.”

A more subtle–but equally significant–dimension of inequality lies in the epistemic layer. Many AI education platforms, particularly those developed in the West, are designed with an implicit assumption of technological universalism. This often results in the marginalization of local knowledge systems. For example, Ethiopian educators have raised concerns that AI models label pastoralist cultures as “primitive modes of production,” prompting the question: is AI empowering communities, or merely reproducing digital forms of cultural imperialism? (Chawla et al., 2023; Xiao et al., 2024).

The absorption of AI technologies is further constrained by disparities in teacher preparedness. Countries such as France and Singapore have made AI literacy part of mandatory teacher training, while in Indonesia, only 12% of teachers have received any form of training in intelligent education tools. This capability gap becomes especially pronounced in international projects. In one notable case, a China-funded smart classroom initiative in Laos saw a 60% equipment idle rate just 3 months after launch due to local teachers’ inability to operate the systems.

To address this issue, the UNESCO International Institute for Educational Planning (IIEP) launched the “Digital Resilience for Teachers” initiative. The program focuses on contextualized professional development, aiming to close the capacity gap through culturally sensitive, needs-based training modules. This reflects a broader shift from simply deploying digital tools to building inclusive, adaptive ecosystems that empower educators and learners alike.

In sum, the digital divide is no longer just about access–it is stratifying across multiple levels: infrastructure, cognition, participation, and capacity. If left unaddressed, these layered inequalities risk transforming AI from a tool of educational equity into a mechanism of global stratification.




5 Pathways forward: innovative approaches to multi-level collaborative governance


5.1 Building an inclusive technological ecosystem

Overcoming technological barriers in cross-border higher education must go beyond expanding access–it requires an explicit engagement with the human rights implications of advanced artificial intelligence. While open and inclusive frameworks like the EU-led OpenAIRE project and Asian licensing initiatives have made AI resources more accessible to the Global South, their design and deployment often overlook critical rights-based considerations. The right to privacy, freedom from algorithmic discrimination, and cultural self-determination are frequently compromised when technological inclusion is pursued without ethical guardrails.

For example, modular AI teaching devices adopted by Nigerian universities enable educational delivery in low-connectivity settings, but without robust oversight, these devices may capture and process student data in ways that bypass meaningful consent. The push for offline AI functionality–though crucial for equity–must therefore be accompanied by strong human rights protections such as data minimization, local data stewardship, and transparency about algorithmic functions.

Similarly, emerging transnational computing networks that redistribute infrastructure and data responsibilities–like those inspired by the European Science Cloud–raise concerns about data sovereignty and the equitable treatment of educational partners. If developing countries contribute sensitive data (e.g., student behavior, learning analytics, cultural materials), but lack agency over how such data is processed or commercialized, the risk of digital exploitation increases. Here, directly addressing human rights means embedding principles like “fair benefit sharing,” “algorithmic explainability,” and “participatory governance” into all resource-sharing agreements (Greene et al., 2019; Wenzel, 2023).

The development of culturally inclusive AI models also presents both opportunity and risk. Multilingual and non-Western logic–enabled AI systems have improved engagement and performance in Kenya, Indonesia, and beyond. However, if these systems are later standardized through global platforms without sustained community input, they risk reproducing a new form of epistemic domination. Actively protecting the right to cultural identity, educational pluralism, and linguistic equity must be part of any initiative claiming inclusivity (Mohammed and Prasad, 2023).

In short, building an inclusive AI ecosystem for education is inseparable from protecting fundamental human rights. Technological justice cannot be achieved by access alone; it requires active and continuous safeguards against surveillance, discrimination, and marginalization. Engaging directly with these human rights impacts–through policy design, platform governance, and field-level accountability–is essential to ensure that AI serves as a tool of empowerment rather than control.



5.2 Innovating systems for mutual recognition

A key step toward enabling responsible and scalable cross-border educational cooperation is the establishment of differentiated mechanisms for data circulation–not only to improve efficiency and interoperability, but also to safeguard fundamental human rights. As AI increasingly governs the flow and analysis of educational data, rights such as privacy, autonomy, and non-discrimination must be actively protected through robust design and policy.

One promising model involves implementing tiered data governance frameworks based on data type and sensitivity. For example, teaching behavior data may require strict localization to prevent behavioral profiling; academic research data may be shared internationally under strong ethical oversight; and cultural heritage data should only cross borders with prior consent and fair attribution, protecting the cultural rights of source communities. In a pioneering case, the China–Kazakhstan digital education partnership introduced a “three-tier data list” model: whitelisted metadata flows freely, gray-listed anonymized learning data is shared conditionally with audit mechanisms, and blacklisted archives are protected from export. This model has become a rights-aware template, balancing openness with ethical safeguards (Dort et al., 2022).

Mutual recognition and interoperability of academic standards are essential, but they must also protect learner dignity and identity. For instance, while the International Engineering Alliance (IEA) bridges China’s “New Engineering” and Western accreditation systems, such frameworks should ensure that student data are not subject to discriminatory treatment or opaque algorithmic profiling. Similarly, the blockchain-based “credit bank” launched by the Asian Universities Alliance should guarantee fairness in academic mobility by embedding algorithmic explainability, transparency, and dispute resolution mechanisms.

Crucially, governance models must incorporate human rights protections at every level. National agreements should go beyond IP rights to include digital rights protocols (e.g., against coercive data localization or AI surveillance); industry bodies must align technical standards with international human rights norms; and universities must ensure participatory governance through student consent, faculty oversight, and transparent accountability.

The China–Africa AI Education Community provides a case in point. While it shows promise in inclusive collaboration and infrastructure sharing, its long-term success depends on incorporating ethical review boards, student data protection charters, and redress mechanisms for affected individuals. Without such rights-based frameworks, even well-meaning South–South cooperation risks reproducing asymmetries and digital dependencies.

In sum, institutional interoperability in the AI era must not merely connect systems–it must uphold the dignity, autonomy, and cultural integrity of every learner. Embedding human rights principles into the design and governance of cross-border AI education systems is not optional; it is essential for legitimacy, sustainability, and justice (Liu et al., 2023).

Together, these strategies form a blueprint for institutional interoperability in the digital age–grounded in differentiated data governance, cross-system standard alignment, and adaptive, multi-stakeholder collaboration.



5.3 Deepening south–south technological cooperation

Innovation among developing countries holds unique strategic advantages. Compared to traditional North–South partnerships, South–South cooperation is often less constrained by ideological divergence and more focused on practical, context-specific solutions. A prime example is the China–ASEAN Smart Agriculture Education Network. In this initiative, Yunnan Agricultural University provided AI-based pest recognition technology; Thai universities contributed tropical crop data; and Philippine institutions designed miniaturized hardware. The result was a cost-effective field teaching kit priced at just 15% of comparable Western products–demonstrating the efficiency and contextual relevance of South–South collaboration. However, such collaborations must also embed protections for data ownership, fair attribution, and the right of local communities to benefit from technologies derived from their knowledge and resources.

Establishing demand-driven technology transfer centers is a critical next step. With support from UNESCO, Ethiopia has launched an East African AI education hub focused on digital transformation in agriculture, healthcare, and primary education. The hub operates under a “needs-driven” model: Rwanda identified a demand for frontline medical training; Kenya contributed medical imaging datasets; and China provided AI algorithms. Together, they co-developed an offline-capable AI-assisted diagnostic training system. To ensure equitable participation, these projects must integrate rights-based design principles–such as local control over data governance, informed community consent, and algorithmic transparency–so that technology transfer does not become a form of extractive digital dependency (Sardinha et al., 2018; Dang et al., 2021).

Promoting digital public goods (DPGs) is another essential dimension of South–South cooperation. The Indian government has open-sourced its national AI education platform “Bhashini,” offering multilingual education modules in 22 regional languages. China, in turn, has opened its National Smart Education Platform interface, enabling free access to course resources for partner countries. Globally, education accounts for 38% of all registered DPG projects. Yet, to qualify as true public goods in a human rights sense, DPGs must protect user privacy, uphold cultural sovereignty, and enable users–especially marginalized learners–to influence how platforms evolve. Long-term sustainability also remains a challenge: only 15% of these projects currently receive sustained funding. To address this, G20 countries should consider establishing a “Global EdTech Fund” to provide reliable financial channels for high-quality digital public goods, particularly those developed and used by countries in the Global South. This fund should include accountability benchmarks for rights protection, equity impact, and participatory evaluation by end users (AlShebli et al., 2024; As’ad, 2024).

In sum, deepening South–South technological cooperation means moving beyond traditional hierarchies and toward a future of shared design, contextual relevance, and mutual empowerment. With the right mechanisms, South-led innovation can become a powerful driver of global educational equity.



5.4 Reconstructing a shared humanistic value consensus

Embedding the principle of cultural diversity into educational AI is essential for ensuring inclusive and meaningful global learning experiences. A compelling example comes from Malaysia’s Ministry of Education, which recontextualized imported AI-based curricula by assembling local scholars to revise case libraries. They integrated elements such as Malay folktales and traditional crafts, raising the perceived cultural relevance of the courses from 42% to 79%. This initiative demonstrates that safeguarding cultural rights in AI education requires more than translation–it demands structural representation of non-dominant knowledge systems within algorithmic content. On a deeper level, efforts are underway to construct multicultural training datasets. A trilateral initiative among Saudi Arabia, Egypt, and China has produced an Islamic civilization knowledge graph to supply non-Western content for large-scale educational models, helping to correct cultural bias in algorithmic training corpora (Masters, 2019). Such efforts should be accompanied by governance mechanisms that prevent cultural appropriation and ensure local communities retain control over how their knowledge is digitized, contextualized, and used.

Reframing the ethical relationship between teachers, students, and AI systems is equally critical. The European Union promotes the “human-in-the-loop” principle, which stipulates that AI should only assist–not replace–educators in decision-making processes. For instance, in France, AI tools are prohibited from automatically generating student evaluations, and in Finland, any algorithmic recommendation must include a clear pedagogical rationale. In China, the “Human-led, Technology-empowered” framework emphasizes the primacy of education values over technical efficiency. These models reflect a growing recognition that teacher autonomy is a foundational right in education, and that algorithmic authority must never override professional judgment. As part of this model, universities such as Beijing Normal University have introduced mandatory “AI Ethics Workshops” for educators, where teachers learn to identify algorithmic bias and uphold fairness in technologically mediated learning environments (Dave and Patel, 2023; Boscardin et al., 2024). Embedding such training in professional development standards helps operationalize the right to fair and non-discriminatory education in AI-enhanced settings.

Toward a global consensus, the United Nations’ Guidance for Human-Centered AI Governance proposes five foundational principles for education-related AI: transparency, fairness, accountability, privacy protection, and human autonomy. However, these principles must be localized and interpreted within specific cultural contexts. African educators have emphasized communalism, calling for AI to serve collective well-being rather than purely individual achievement. In Latin America, educators have drawn upon traditions of critical pedagogy, opposing AI implementations that risk entrenching social hierarchies. These regional insights highlight the need for participatory governance in AI deployment–where teachers, students, and civil society actors shape not just the use of AI, but the values and norms encoded in it. These perspectives underline the importance of a flexible global framework–one that maintains universal ethical principles while allowing for diverse implementation models (Table 3).


TABLE 3 Institutional innovation models for cross-border AI education cooperation.


	Institutional type
	Core mechanism
	Representative practice
	Implementation effect





	Data circulation mechanism
	Classification and tiered management
	China-Kazakhstan education data three-color list
	Compliance costs reduced by 50%



	Standard mutual recognition system
	Equivalence assessment
	Engineering education AI competency framework
	Covers 30 countries’ certification bodies



	Quality assurance alliance
	Blockchain-based archiving
	Asian credit bank
	Automatic conversion of 220,000 credits



	Dispute resolution platform
	Online arbitration
	EU digital education pact
	Dispute handling cycle shortened by 60%






Ultimately, reconstructing a shared humanistic value consensus in AI-enabled education requires more than high-level declarations. It demands culturally grounded datasets, educator empowerment, and ethical pluralism. Only by acknowledging the moral agency of both humans and communities can educational AI systems foster genuine inclusion and global solidarity.




6 China’s role: practical explorations as a responsible global actor


6.1 Technological empowerment: supplying digital public goods in education

China has actively participated in global education governance through technological assistance and platform sharing. Within 1 year of its launch, the international version of the National Smart Education Public Service Platform provided access to over 143,000 free resources worldwide. Among them, the vocational education module known as the “Luban Workshop” has been adopted by institutions in more than 60 countries. The platform operates on a “core platform + localized mirroring” architecture: in Egypt, it integrates with the national student registration system; in Pakistan, courses are equipped with Urdu subtitles; in Laos, offline servers enable access in remote regions. This model of “unified standards with flexible localization” has led to over 8.7 million monthly active users globally (Fang et al., 2020). While impressive in scale, such platforms must incorporate safeguards to ensure cultural appropriateness, user consent, and rights-respecting use of learner data. Open access alone is not sufficient–platforms must also be subject to public accountability and transparent data governance protocols.

China also exports context-specific technological solutions tailored to the infrastructure conditions of developing countries. Innovations include low-power education terminals with up to 72 h of standby time, lightweight AI models requiring less than 100MB of memory, and fully offline learning systems. For example, Huawei has designed solar-powered AI classrooms for rural schools in Cambodia. These combine photovoltaic energy with edge computing, enabling stable digital instruction even in areas with unreliable electricity supply. Such innovations illustrate the importance of designing AI systems that are not only technically efficient but also inclusive and rights-aligned–respecting the autonomy of local educators and preventing reliance on opaque, externally controlled technologies.

Beyond regulatory divergence and issues of data governance, it is also imperative to consider the broader human rights implications of deploying AI technologies in cross-border educational ecosystems. Chan and Lo (2025) offer a comprehensive analysis of how AI-driven surveillance systems–such as facial recognition, predictive policing, AI-powered drones, and smart sensors–pose significant threats to fundamental rights, particularly the right to privacy. Their study illustrates how these technologies, often operating with limited transparency and accountability, may lead to structural discrimination and the erosion of civil liberties, especially when used in educational or institutional settings. The concept of a “digital Panopticon” introduced in their work underscores the normalization of constant monitoring, which could severely compromise academic freedom, student autonomy, and democratic participation in global higher education partnerships. This raises urgent questions for AI education governance: Who owns the data? Who audits the algorithms? How are power and oversight distributed across borders? The authors call for legal and ethical reforms including the recognition of a “right to reasonable inferences,” privacy-by-design principles, algorithmic transparency, and stronger human oversight. Integrating such perspectives is crucial to ensure that the expansion of AI in international education not only enhances learning and connectivity but also safeguards human dignity and fundamental rights across diverse geopolitical contexts (Chan and Lo, 2025). Integrating such perspectives into cross-border AI education frameworks is not optional–it is a normative imperative to ensure that digital expansion enhances learning without sacrificing liberty, dignity, or justice.

In the field of vocational education, AI-based “Chinese + Vocational Skills” programs have trained high-speed rail technicians in Thailand and textile machinery operators in Ethiopia. These initiatives facilitate both technology transfer and talent development, contributing to long-term capacity building in partner countries (Li and Qin, 2023).

Through such efforts, China demonstrates how scalable digital public goods–rooted in practical adaptability and inclusive access–can support equitable and sustainable development in global education.



6.2 Rule-shaping contributions: China’s wisdom in global governance

China has taken an active role in shaping the global governance architecture for artificial intelligence. In 2023, it introduced the Global Initiative for AI Governance, promoting the principles of “human-centered” development and “AI for good,” with a strong emphasis on fairness and inclusiveness in the field of education. To move beyond aspirational language, the implementation of these principles must include mechanisms to monitor AI’s real-world effects on academic freedom, data protection, and educational equity. Under the United Nations framework, China also sponsored the resolution on “Enhancing International Cooperation on AI Capacity Building,” which garnered support from over 140 countries and created new channels for developing countries to access critical AI technologies (Ng et al., 2023). These efforts must now be matched with safeguards that ensure such access does not come at the cost of user autonomy, local control, or ethical integrity.

China has also been a proactive contributor in innovating cross-border cooperation frameworks. In the field of data governance, it has piloted a “tiered and categorized” data flow mechanism. For example, within the Shanghai Free Trade Zone, educational and research data may be selectively transmitted across borders under regulated conditions. Such frameworks should be anchored in enforceable privacy standards, consent protocols, and user oversight mechanisms to prevent misuse or coercive data practices. In the area of technical standards, China’s engineering education accreditation system has been formally included in the Washington Accord, laying a foundation for the global mobility of AI engineering professionals. This mobility must be accompanied by mutual recognition of rights, ethical training standards, and protections for students and professionals working in transnational contexts. Regarding intellectual property rights, the “Luban Workshop” vocational education model employs a tripartite approach: original content developed by Chinese institutions, localized adaptation by partner countries, and revenue-sharing mechanisms that ensure equitable benefits for all stakeholders (Zhang et al., 2024). To ensure fairness, such models must also incorporate transparent licensing terms, culturally respectful adaptation protocols, and inclusive benefit-sharing agreements–especially where indigenous or community-generated knowledge is involved.

Through these contributions, China is not merely participating in global governance–it is actively helping shape a more balanced, inclusive, and development-oriented international order for emerging technologies like AI. The next frontier lies in embedding accountability, participation, and human rights protections as foundational elements–not just aspirations–of this evolving global AI architecture.



6.3 Ethical governance and human rights safeguards in AI-enabled education

Building on recent scholarship such as The Impact of Advances in Artificial Intelligence on Human Rights, this study reinforces the argument that ethical governance of AI in cross-border education cannot be decoupled from broader human rights considerations. The referenced work provides a critical and comprehensive examination of how AI-driven surveillance technologies–including facial recognition, predictive algorithms, and intelligent sensors–pose unprecedented challenges to fundamental rights, particularly the right to privacy. It identifies alarming gaps in current legal and ethical frameworks, where opacity, algorithmic bias, and lack of human oversight risk normalizing systemic infringements on civil liberties (Sharma and Jindal, 2023).

These findings are particularly relevant in the context of international education cooperation, where AI platforms often operate across jurisdictions with uneven regulatory protections. When data generated by students, teachers, or institutions traverses national borders–whether through learning analytics, cloud-based platforms, or automated assessment tools–it is essential to establish globally agreed-upon safeguards that prioritize individual autonomy, consent, and non-discrimination.

In light of this, our analysis highlights the need to embed the principles of transparency, fairness, and human oversight–emphasized in the aforementioned study–into all levels of cross-border AI deployment. This includes designing interoperable platforms with privacy-by-design architecture, enforcing data localization protocols sensitive to sovereignty concerns, and ensuring that educational AI systems do not disproportionately disadvantage vulnerable populations such as linguistic minorities, rural learners, or politically marginalized communities. By aligning with the normative insights of this reference, this paper contributes to advancing a global governance agenda that treats educational data not merely as a commodity, but as a site of rights, agency, and collective dignity.

The concerns raised by Chan and Lo (2025) regarding the emergence of a “digital Panopticon” offer a critical lens through which to examine the broader implications of AI-driven educational infrastructure. While large-scale digital platforms and data-intensive learning systems can enhance pedagogical efficiency and transnational access, they also risk normalizing constant surveillance within educational environments. This is particularly salient in cross-border partnerships, where asymmetries in technological power and regulatory maturity may result in opaque data practices and limited avenues for redress (Sharma and Jindal, 2023).

By drawing upon the metaphor of the “digital Panopticon,” Chan and Lo emphasize how the pervasive use of facial recognition, predictive monitoring, and smart sensors in educational settings can erode students’ sense of autonomy, inhibit academic freedom, and reinforce behavioral conformity. These dynamics are not merely technical or legal concerns–they are deeply cultural and psychological. The routinization of surveillance in the name of performance optimization may cultivate a climate of internalized monitoring, where learners adapt their behavior not based on intrinsic motivation or critical engagement, but under the implicit gaze of algorithmic systems.

This analysis resonates with our own findings, which highlight that the expansion of digital education infrastructure, particularly when deployed without adequate safeguards, can amplify social inequalities and institutionalize surveillance logics. Therefore, a truly ethical and human-centered approach to AI in cross-border education must go beyond infrastructural provisioning and algorithmic efficiency. It must actively address the social and cultural consequences of long-term monitoring–by ensuring transparency, student agency, and robust accountability mechanisms that transcend national boundaries.



6.4 Infrastructure support: a new cornerstone for education digitalization

China is actively bridging the global digital divide through international cooperation that links “new infrastructure” with education. In Southeast Asia, China has supported the construction of regional education cloud nodes, delivering computing services to countries such as Laos and Myanmar. In Africa, Huawei has played a central role in developing a “smart education backbone network,” bringing internet access to over 3,000 schools. These initiatives place a strong emphasis on capacity transfer: for example, the Djibouti Teacher Training Center is equipped with AI-powered teaching systems developed in China, and is expected to reach a 90% local operations and maintenance rate within 5 years (Talib et al., 2019). To align with a rights-based development agenda, such infrastructure must not only promote access but also empower local actors with control over platforms, respect for educational sovereignty, and transparent accountability for digital outcomes.

Innovative financing mechanisms further underpin these infrastructure efforts. The Asian Infrastructure Investment Bank (AIIB) has launched a dedicated “New Infrastructure for Education” loan program, offering interest rates approximately 40% below commercial benchmarks. Additionally, the China–ASEAN Digital Education Fund employs a blended financing model: 30% from government sources, 50% from private enterprises, and 20% from international organizations. This structure effectively addresses the financing bottlenecks faced by developing countries, making large-scale educational infrastructure projects more feasible and sustainable (Platas, 2023; Adhikari et al., 2024). However, such financing strategies must also include enforceable social safeguards–such as protections against digital debt dependence, conditionalities that support equitable education outcomes, and public audit mechanisms for transparency and stakeholder participation.

Through the integration of digital infrastructure, financial innovation, and local capacity building, China is helping lay the foundational architecture for inclusive, future-ready education systems in the Global South. Yet for this architecture to be rights-respecting, human agency, local consent, and cultural diversity must be integral to its design and deployment–not secondary considerations.

Recent empirical studies have measured the tangible benefits of AI-assisted learning, especially in writing proficiency and cognitive load reduction. Chan et al. (2024) large-scale randomized controlled trial involving 918 Hong Kong undergraduates reported that students receiving GPT-3.5-generated feedback improved their writing scores by an average of 12% compared to controls (p < 0.01). Survey results further indicated a 20%–25% increase in learning motivation and engagement among participants. Complementing these findings, a German study that examined biometric indicators–eye-tracking and functional near-infrared spectroscopy (fNIRS)–during analytical writing tasks found that AI-assisted students maintained equivalent quality to controls but exhibited a 15% reduction in cognitive strain and a 10% faster task completion rate. These converging results support our argument that AI-driven feedback mechanisms can boost learning efficiency, reduce student effort, and support sustainable, learner-centered education, which is particularly relevant for multilingual, digitally mediated, international contexts (Yu et al., 2025). While promising, such studies must also assess whether algorithmic feedback respects student privacy, reinforces or mitigates cognitive inequities, and preserves educator agency in evaluating student performance.

However, evidence from other disciplines underscores the contextual variability of AI’s effectiveness. A randomized trial in pharmacy education assessed the impact of AI-generated guidance during OSCE-style clinical exams and found no statistically significant differences in performance outcomes or anxiety levels between AI-assisted and control groups. This suggests that while generative AI may excel in structured writing tasks, its benefits are less pronounced in experiential learning or high-stakes professional assessments (Huespe et al., 2023). The divergence across these domains highlights the need for discipline-sensitive AI integration strategies. It reinforces our recommendation that AI interventions in cross-border higher education should be carefully tailored–considering factors like task complexity, cultural-linguistic context, and the balance between technological assistance and human oversight. These findings emphasize that “one-size-fits-all” AI deployment can exacerbate educational inequalities if not carefully contextualized–and that human oversight and cultural alignment are essential in preserving fairness and pedagogical quality.

Taken together, the findings of this manuscript align with and extend existing empirical research by situating AI-enabled education within a broader geopolitical and policy-driven framework. While prior studies such as those by Chan et al. (2024) and Kramer et al. (2024) have provided micro-level evidence of generative AI’s pedagogical benefits–ranging from improved writing outcomes to reduced cognitive load–this study offers a macro-level perspective that foregrounds the strategic, regulatory, and ethical dimensions of AI deployment in cross-border higher education. By integrating policy analysis, global case studies, and thematic synthesis, this manuscript contributes a multidimensional framework that not only accounts for individual learning enhancements but also interrogates the institutional and geopolitical constraints that shape their implementation. This broader lens reveals that the transformative potential of AI in education is neither automatic nor uniform, but highly contingent upon governance systems, infrastructural disparities, and value-driven algorithmic design. As such, the present study complements existing literature by arguing that the future of international educational collaboration requires not only technological innovation but also inclusive governance, cultural sensitivity, and sustained global cooperation. This broader lens reveals that technological benefits must not obscure questions of digital equity, student agency, and systemic accountability–without which, transformative potential may translate into structural harm.

This study contributes a novel perspective by synthesizing the intersection of artificial intelligence, geopolitics, and cross-border higher education through a multidimensional and policy-oriented lens. One of its unique strengths lies in the integration of both Western and non-Western literature, combined with illustrative case studies from diverse geopolitical regions such as China, Southeast Asia, and Africa. Additionally, the manuscript offers forward-looking policy recommendations grounded in emerging trends, including platform interoperability, data sovereignty, and ethical AI governance.

Nevertheless, the review is not without limitations. As a qualitative synthesis, it lacks original empirical data, and the rapid evolution of both AI technology and geopolitical contexts means that some findings may soon require updating. Furthermore, while efforts were made to ensure balanced geographic representation, there remains an overrepresentation of Chinese and Anglophone sources, and certain regions such as South America and Central Asia are underexplored. This unevenness reflects broader structural imbalances in global knowledge production, reinforcing the need for inclusive research collaboration and capacity building that empowers scholars from the Global South to co-shape digital education policy and AI design agendas. Future research could benefit from a more systematic meta-analysis of empirical studies and greater engagement with regional stakeholders to capture diverse educational realities in the Global South.

In South America, the São Paulo Virtual University (Univesp) in Brazil has significantly expanded digital access to higher education by integrating AI-powered learning management systems. As of 2023, the platform had enrolled over 200,000 students across all states of Brazil, offering STEM and vocational modules via open-source platforms. Although not globally syndicated like China’s Smart Education Platform, Univesp has collaborated with UNESCO to localize digital infrastructure standards, making it a potential regional model for scalable, inclusive online education (Barilli et al., 2011). The case of Univesp shows that AI integration need not follow extractive models dominated by global platforms–it can be guided by public values, regional ownership, and open-source principles that center equity and transparency.

Meanwhile, in Central Asia, Kazakhstan has made strides in implementing digital infrastructure through the Kundelik.kz platform, which connects over 300,000 teachers and 2.5 million students nationwide. A 2022 World Bank assessment reported improvements in parental engagement and student attendance linked to the platform’s AI-enabled communication tools. These regional cases–though often underreported–demonstrate the diverse modalities through which digital education platforms are evolving beyond the Global North–South binary (Abdigapbarova et al., 2025). Highlighting these decentralized, plural models helps resist technological standardization and affirms the right of regions to develop education ecosystems that reflect their own social, linguistic, and epistemological priorities.




7 Conclusion

Artificial intelligence and geopolitics are jointly reshaping the architecture of cross-border higher education. While AI offers transformative opportunities–including virtual classrooms, personalized learning, and real-time international collaboration–geopolitical frictions over data sovereignty, technological standards, and normative values are increasingly fragmenting educational ecosystems.

To guide the future of AI-enabled international education, we propose three foundational principles: AI must augment–not displace–human educators; global openness must be reconciled with national digital sovereignty; and technological innovation must serve global equity and accessibility. Crucially, these goals cannot be achieved through technical design alone–they require a governance architecture that embeds privacy-by-design, algorithmic transparency, and inclusive oversight mechanisms.

Such governance must be collaborative and rights-based. Engaging policymakers, technologists, educators, and civil society is essential to ensure that AI deployment respects human dignity, autonomy, and academic freedom–particularly across diverse geopolitical contexts. These protections are not peripheral; they are central to maintaining trust, justice, and ethical legitimacy in AI-powered education.

China’s evolving role–through digital public goods, global rule-making, and infrastructure partnerships–demonstrates the potential of inclusive and development-oriented cooperation. By integrating both Western and non-Western perspectives and adopting a forward-looking, policy-based framework, this study underscores the need for holistic, responsible, and globally relevant analysis. As affirmed at the 2025 World Artificial Intelligence Conference, “Only through shared dialogue and responsible governance can AI truly empower the future of education.”
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Introduction

In the near future, AI may move beyond its role as a mere tool to function as a creative agent—potentially even as a virtual student or professor—capable of generating original artworks and contributing to research leadership. However, it remains unclear whether educational institutions are adequately prepared for such a rapid integration of AI into educational and research processes. This question becomes particularly relevant in the context of the rapid advancement of large language models (LLMs) and generative artificial intelligence (GenAI), given their potential to transform both the landscape of scientific research and educational methodologies. This study, therefore, examines how educational institutions are responding to the integration of AI into research and education. Specifically, we analyzed the policies and guidelines regulating the use of GenAI in both general universities and art-focused institutions, and conducted a strategic review of institutional approaches, along with a content analysis of selected curricula related to GenAI implementation. Based on the analysis, we posit that current GenAI policies in higher education are largely reactive, unevenly implemented across regions and disciplines, and often fail to address research-specific use cases and the distinct challenges faced by art-focused institutions. This finding aligns with recent studies showing that institutions tend to conform to external regulatory, normative, and mimetic pressures in their adoption of GenAI, often prioritizing legitimacy and compliance over proactive strategic vision (Singh, 2024). From an educational perspective, researchers further argued that Bloom's Taxonomy requires revision to address the cognitive, affective, and metacognitive demands of AI-assisted learning, underscoring the need for institutional policies that not only regulate GenAI but also foster critical thinking, ethical reasoning, and iterative learning processes in higher education (Gonsalves, 2024).



Overview of guidelines on the use of generative AI in higher education

Universities worldwide face the dual nature of using these technologies (Hutson et al., 2022; National Art Education Association. NAEA Position Statement on Use of Artificial Intelligence (AI) and AI-generated Imagery in Visual Arts Education, 2024), navigating the potential for innovation alongside the need to address ethical and practical concerns (Ullah et al., 2024) that may disproportionately affect students and faculty (Maung Maung et al., 2024). Notably, current guidelines for the use of GenAI in higher education tend to represent a reactive response, often embedded within modern technology programs. The discourse surrounding GenAI in higher education is multifaceted, encompassing discussions on academic integrity, innovative teaching programs, and the potential for GenAI to enhance student outcomes (Ullah et al., 2024; Leonard, 2021). With the release of ChatGPT, these issues have gained particular relevance. While many universities have experienced challenges associated with plagiarism, data confidentiality, and privacy (Koh et al., 2024; Ullah et al., 2024; Wang et al., 2024), art-focused universities have encountered issues related to copyright protection and assessment of the originality of creativity (Mayo, 2024).

In this paper, we comprehensively reviewed publicly available policies and guidelines regarding the use of GenAI in education and research from higher education institutions in the US, Europe, and Central Asia. General universities from the US and Europe were selected from among the leaders of the QS World University Rankings 2024. For the US, we focused on the top 20 universities according to QS World University Rankings 2024 (general category). The list of European universities was compiled with explicit consideration of geographical diversity, ensuring representation from different European countries. Starting at the top of the QS rankings, we applied an additional rule: if several consecutive institutions belonged to the same country (e.g., multiple from the UK), we selected the highest-ranked one and then moved to the next university from another European country. This procedure helped to avoid overrepresentation of a single country while still capturing leading institutions. If a university appeared in the ranking but did not provide publicly available GenAI-related policies or guidelines (i.e., official documents explicitly outlining recommendations or regulations), it was excluded from the sample. In such cases, we continued down the QS list until a suitable institution was identified. References to projects, pilot initiatives, or informal mentions of GenAI were not considered sufficient for inclusion. It is important to note that although many institutions articulate strategies (e.g., vision statements and curricular integration plans), these do not always translate into concrete policies (e.g., official guidelines for faculty and students). Throughout the analysis, we therefore treat strategies as indicative of institutional intent, while policies are considered evidence of operationalized regulation.

The list of art universities was compiled based on the QS World University Rankings by Subject (Art & Design), but not many relevant policies were publicly available on the universities' websites. We searched for existing policies and guidelines using the following keywords on Google: “Generative AI Policy in art universities USA”, “Generative AI Policy in art universities Europe [countries]”, and “Generative AI Policy in higher education”.

Universities in Central Asia were selected based on the QS World University Rankings by Region: Central Asia 2024, with consideration given to institutions from all five Central Asian countries. Since many universities in the region on the list did not have policies or guidelines available on their official websites, we conducted additional searches using Google. In our search, we used keywords in both English and Russian, such as “Policy on the use of generative AI in Kazakhstan”, “Satbayev University Generative AI Guide”, and similar formulations for each university and country in the region. To identify art universities in Central Asia, we conducted a separate search using keywords such as “Art Universities in Kazakhstan” and equivalent terms for other countries in the region.

Figure 1 illustrates the selection of policies and guidelines from general and art universities in the US, Europe, and Central Asia for this study. The analyzed documents provide information on existing policies and guidelines for students, teaching staff, and researchers regarding the safe and ethical use of generative AI in teaching and research.
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FIGURE 1
 Three dimensions of the analysis of GenAI policies—region (USA vs. Europe vs. Central Asia), type (general vs. art university), and activity (research vs. education).


The analysis demonstrates that many general universities in the USA and Europe have developed their own policies and guidelines; however, policies regulating the use of generative AI are less developed in art-focused universities. Policies addressing students and faculty are more prevalent than those for researchers; however, 40% of the analyzed universities have separate guidelines for researchers with detailed recommendations. In Central Asian universities, there is a notable absence of policies and guidelines regulating the use of GenAI. Only a few general universities, including Nazarbayev University in Kazakhstan and Westminster International University in Uzbekistan, have published relevant documents. No policies or recommendations regarding the use of GenAI are found on the official websites of art universities in the region.

To assess institutional readiness and policies regarding GenAI across different regions, we applied the theoretical framework, originally proposed by Lim et al. (2019) and later adopted in Dai et al. (2025), which encompasses seven dimensions of strategic planning. Building on this framework, we constructed a structured analytical matrix covering each dimension (e.g., vision and narrative, curriculum integration, technology-centric support, human-centric support, and stakeholder engagement), and mapped the content of institutional policies to these categories. Three researchers independently described the policies of each university across the seven dimensions of the Lim et al. framework. Their individual descriptions were then compared and consolidated into a unified account through discussion, which helped to ensure consistency of interpretation. While this approach provided a structured basis for cross-regional comparison, we acknowledge certain limitations: In several cases, institutions did not provide comprehensive or publicly accessible documentation, and therefore, only partial evidence could be included, which may underrepresent the actual extent of institutional readiness. Separately, a rating system inspired by the methodology of Nahar et al. (2025) was developed to evaluate the leniency of university policies. Table 1 presents the universities from the US and Europe included in the analysis, along with their leniency ratings based on a 5-point Likert scale. Universities from Central Asia are excluded, as most do not have GenAI policies yet. Three authors independently evaluated the policies after agreeing on rating criteria. Final ratings were determined by majority vote. Nevertheless, we acknowledge the potential influence of subjective factors on the assessment results, which is primarily due to implicit ambiguities in policy formulations.

TABLE 1 Leniency ratings on a 5-pt Likert scale for universities in USA and Europe.


	United States (General Universities)
	Europe (General Universities)



	University name
	First release
	Research
	Education
	University name
	First release
	Research
	Education





	MIT
	Nov 2024, Apr 2024
	3
	3
	Oxford
	Apr 2024
	4
	3

 
	Harvard
	Mar 2024, Sep 2023
	4
	3
	Imperial College
	Sep 2023
	4
	4

 
	Stanford
	Dec 2023
	–
	4
	ETH Zurich
	Mar 2024
	–
	4

 
	UC Berkeley
	Dec 2024
	–
	3
	University of Edinburgh
	Oct 2024
	–
	4

 
	UChicago
	/Feb 2025
	4
	3
	EPFL
	Mar 2024
	–
	4

 
	UPenn
	/Jan 2025 /Mar 2025
	3
	4
	University of Amsterdam
	Sep 2024
	–
	2

 
	Cornell
	Jan 2024
	4
	4
	LMU Munich
	
	–
	2

 
	Caltech
	Oct 2023
	–
	3
	KU Leuven
	Mar 2024, May 2023
	4
	3

 
	Yale
	Nov 2024, Jan 2023
	4
	4
	KTH
	Nov 2024
	–
	3

 
	Princeton
	Dec 2024
	3
	3
	Trinity College Dublin
	Jul 2024
	–
	4

 
	Columbia
	Feb 2024
	3
	3
	Uppsala University
	
	–
	3

 
	Johns Hopkins
	Nov 2024
	–
	3
	Aalto University
	Jul 2023, Jun 2023
	3
	3

 
	UCLA
	Apr 2023
	–
	3
	University of Oslo
	Nov 2024, Aug 2023
	4
	3

 
	UMich
	Sep 2024, Dec 2023
	–
	3
	KIT
	/Feb 2025
	–
	4

 
	NYU
	Jun 2023
	–
	3
	HU Berlin
	Jul 2024
	3
	3

 
	United States (Art Universities)
	Europe (Art Universities)

 
	University name
	First release
	Research
	Education
	University name
	First release
	Research
	Education

 
	Ringling
	Dec 2024
	–
	3
	Plymouth
	Feb 2024
	4
	4

 
	RISD
	Sep 2024
	–
	3
	UAL
	Apr 2024
	–
	4

 
	MICA
	/Feb 2025
	–
	3
	University of Art Linz
	Sep 2024
	4
	4

 
	Pratt
	Nov 2023
	–
	3
	HFBK Hamburg
	Jan 2024
	–
	4

 
	CCA
	Jan 2024
	–
	3
	RCA
	Jun 2024
	4
	4

 
	CCS
	Aug 2024
	–
	3
	UdK Berlin
	–
	–
	–



“1” = “Extremely restrictive” (restricts almost all types of Generative AI use), “2” = “Somewhat restrictive” (allows the limited use of Generative AI for narrowly defined purposes, such as grammar corrections, text simplification, or non-sensitive data analysis; transparency and consultation are required before adopting AI tools), and “3” = “Neither lenient nor restrictive” (balanced with restrictions and allowances, permitting selected tasks such as editing, summarizing, and idea generation under clear guidelines that prioritize transparency, data protection, and accuracy). However, tasks such as examinations, discussion-based assessments, class tests, laboratories, and practicals are prohibited. “4” = “Somewhat lenient” (permits most applications of Generative AI in academic, research, and creative contexts, provided ethical guidelines are adhered to and usage is disclosed. Supports tasks such as academic content creation, data analysis, and creative exploration, while maintaining awareness of copyright and intellectual property concerns). “5” = “Extremely lenient” (allows the use of all types of Generative AI). Universities with no policies are marked as ‘-'. University policies were initially evaluated between 9 and 18 December 2024, and subsequently reviewed and revised between 8 and 14 April 2025. Color shading indicates the relative leniency of institutional policies: yellow represents moderate leniency, while green denotes more lenient or permissive approaches. Lower scores correspond to more restrictive policies.



The majority of universities showed a moderate degree of leniency (ratings of “3” or “4”) to the integration of GenAI into the educational process and scientific research, while all educational institutions recognize the importance of using new technologies and the need to adapt to modern realities. For instance, the University of Chicago's policy received a “3” for education because the university allows GenAI in selected tasks, from brainstorming ideas to clarifying complex concepts, but also sets limits on its use in some academic work. The University of Edinburgh was rated “4” as it permits the use of GenAI flexibly, provided it is disclosed. Only two universities received a rating of “2” for education: the University of Amsterdam and the Ludwig Maximilian University of Munich, because they allow only limited use for narrowly defined purposes.

Takeaway: These initial observations highlight a fundamental gap: while many institutions recognize the transformative potential of GenAI, policy responses remain largely reactive and fragmented, lacking a unified framework to support both educational and research practices.



Policy comparison between institution types

We analyzed a total of 30 general universities in the United States and Europe. However, selecting art-focused universities based on rankings has been challenging due to the absence of publicly available policies and guidelines. As a result of an extensive review of existing policies and guidelines available online, we ultimately selected six US and five European art-focused universities, as shown in Table 1.

As previously noted, the approaches of general universities and art-related institutions are very similar, though there are slight differences in their strategies. Table 2 shows the key differences and common strategies for GenAI between general and art-focused universities. Generally, universities focus on academic ethics and the educational process, while art-focused institutions place greater focus on authorship, creativity, and the cultural implications of using GenAI.

TABLE 2 Key differences and common strategies for Generative AI between general universities and art-focused institutions.


	Aspect
	General universities
	Art-focused institutions
	Common strategies





	Intellectual Property
	Focus on plagiarism detection, citation integrity
	Concerned with copyright, originality
	Promote transparent attribution and responsible use of AI-generated content

 
	Ethical Considerations
	Address AI bias, misinformation
	Emphasize authenticity, authorship
	Training on AI ethics, academic integrity, and responsible innovation

 
	Regulatory Compliance
	Align with academic integrity policies, data privacy, and research ethics
	Fair use and cultural appropriation, confidentiality in creative works
	Develop institutional guidelines ensuring inclusivity and non-discrimination

 
	Assessment and Evaluation
	Ensure student work reflects actual knowledge rather than AI-generated responses
	Balance AI-assisted art with student originality
	Transparent assessment rubrics and clear disclosure of AI use in academic and creative outputs





We further analyzed how general universities and art-related institutions implement GenAI across institutional practices by applying the framework proposed by Dai et al. (2025), which identifies seven core areas: vision and policy, curriculum, infrastructure and resources, professional development, student support, partnerships, and research. General universities such as MIT, Harvard, Stanford, Oxford, and KU Leuven have adopted a structured and multi-dimensional approach to GenAI integration, aligning closely with the seven areas outlined in Lim et al.'s (2019) framework. These institutions typically begin with strong institutional visions that emphasize transparency, academic integrity, and ethical responsibility. Faculty are supported through detailed syllabus templates, training workshops, and ethical guidelines for GenAI use in both teaching and research. On the infrastructure side, many universities provide secure, licensed environments (e.g., PhoenixAI in UChicago, U-M GPT in UMich, and AI Sandbox in Harvard) and risk assessment protocols to ensure data privacy. Human-centric support includes consultations, seminars, and instructional design assistance to foster critical engagement with GenAI. Furthermore, policy development is collaborative and interdisciplinary, involving IT services, legal counsel, teaching centers, and ethics boards. This comprehensive model reflects the proactive institutionalization of GenAI tools into academic, administrative, and research processes.

In contrast, art-related institutions such as RISD, Ringling, MICA, Pratt, and CCA are still in the early stages of GenAI policy development. While some of them have begun experimenting with GenAI integration, their efforts remain largely decentralized and course-specific. Faculty are often granted autonomy to set GenAI-related rules, and institutional visions emphasize creativity, authorship, and reflective use of AI rather than systemic implementation. Curricular integration is typically limited to design and writing assignments, with an emphasis on process, iteration, and ethical exploration. Infrastructure is often limited to recommended external tools (e.g., Midjourney, ChatGPT, and DALL-E), with safety and attribution guidelines provided through libraries and teaching centers. Human-centric support includes workshops, collaborative assignments, and critical dialogue around copyright, bias, and authenticity. While some institutions (e.g., RISD and Pratt) are beginning to formalize policies through provost offices or AI task forces, engagement with stakeholders is typically informal and driven by teaching units, librarians, and design labs. This bottom–up and discipline-driven model aligns only partially with Lim et al.'s framework—primarily in the areas of curriculum, vision, and student support—highlighting an ongoing transition toward more formalized institutional strategies.

We analyzed the curricula of these universities to examine how they adapt to modern technological advancements. In recent years, they have been actively modernizing their educational programs in response to the development of AI. In particular, the integration of specialized courses on GenAI highlights its growing role in creative work. Many art universities are integrating courses on GenAI, AI-driven writing, and AI techniques in art into their curricula. In May 2024, for instance, Ringling College of Art and Design in the US announced the launch of a new AI undergraduate certificate program to equip students with the knowledge and skills needed to understand and use AI in creative industries of all kinds. In April 2024, in addition, the Rhode Island School of Design in the US offered two new courses on GenAI, such as Designing with Emerging Technologies: Generative AI and Text Transformed: Writing in the Age of AI. However, many schools have no GenAI-related policies for their students or faculty.

In addition, Figures 2 and 3 show the timeline starting from the emergence of GPT-3.5, when policies for the use of GenAI began to be developed in the first few general universities. The timeline figures were compiled based on the deadlines provided in the guidelines published on the official websites of universities. In cases where date information was not available, the date was estimated using the Wayback Machine service, based on the time of the last update of the relevant material on the site. In general, universities first introduced GenAI policies for educational activities, and only a few subsequently extended them to research activities. By and large, the primary focus has been on guiding students' learning and faculty's teaching practices involving GenAI.
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FIGURE 2
 Timeline of policy guideline publications: general vs. art universities.
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FIGURE 3
 Timeline of policy guideline publications across regions.


Takeaway: This contrast reinforces the core argument that while general universities are making structured efforts toward policy development, art-focused institutions are lagging, exposing a disciplinary divide that leaves creative fields without coherent or comprehensive GenAI guidance.



Policy comparison between regions

Figure 3 presents a timeline of policy publications across regions. The US and Europe have been actively implementing guidelines and policies for the use of GenAI since 2023. In general, approaches to regulating this process show little to no variation based on regional characteristics. Both areas placed significant emphasis on academic integrity, transparency, confidential data protection, and copyright compliance. Most universities were rated “3” or “4”. Notably, GenAI policies for research only began to appear in 2024, almost a year after the initial guidelines for education were introduced.

However, in Central Asia, the process of developing and adapting each policy is still in its infancy. One of the primary challenges lies in limited technological access, insufficient resources, and inadequate institutional infrastructure (Jin et al., 2025), alongside the absence of centralized national policies specifically addressing the use of GenAI in education. Although many Central Asian universities have not yet developed formal guidelines, they are taking steps to integrate these technologies into the educational process and research. In particular, universities organize various seminars, round tables, and discussions, while also actively integrating GenAI courses into their curricula.

Takeaway: The regional disparity, especially the policy vacuum in Central Asia, underscores the global unevenness in institutional readiness, highlighting the absence of centralized national strategies and the pressing need for inclusive, region-sensitive GenAI governance in higher education.



Discussion and recommendations

Based on the analysis, the three groups of higher education institutions lack clear policies or regulatory guidance on the use of GenAI. The first group includes universities, both general and art-focused, that do not have policies or guidelines defining the principles for the use of GenAI in research—e.g., when or whether graduate students can use GenAI to create synthetic research data, or faculty members can use GenAI to assist in writing scholarly articles. Out of 41 universities, only 17 (42%) have established guidelines for research. The second group consists of art-focused universities around the world, only a small number of which have developed relevant guidelines or policies. Even after an extensive search, we identified only six GenAI policies from art universities in the USA and five in Europe. The third group comprises universities in Central Asian countries. Out of 30 universities that we have examined, only 2 (6.6%) had guidelines for the use of GenAI. Based on the identified characteristics, we have formulated the following recommendations for each of the three groups of educational institutions.

Our analysis further demonstrated the value of applying Dai et al. (2025) framework to systematize institutional policies. In leading U.S. and European universities, declarative statements regarding GenAI (e.g., visions of responsible and ethical use) are at least partially reinforced by concrete measures in other dimensions, such as curriculum guidelines, provision of secure AI tools, and faculty support initiatives. By contrast, in art-focused institutions, the imbalance between vision and practice is more pronounced. While creativity, authorship, and ethical reflection are consistently highlighted at the conceptual level (e.g., Ringling, RISD, MICA, Pratt, and RCA), these principles are only weakly supported by infrastructural investment, systematic curricular integration, or institutionalized faculty and student support. Stakeholder engagement also tends to remain fragmented and project-based. Taken together, this comparison underscores that although top-ranked general universities often begin to translate their declarative visions into tangible practices, art-focused institutions still face significant gaps between articulated values and operational mechanisms.

For the first group, institutions should encourage researchers to disclose the use of GenAI in research activities, including the writing and reviewing of scientific publications and grant proposals. Such transparency is essential for ensuring the reproducibility and integrity of research. Another critical area is the standardization of informed consent procedures, particularly in cases where participant data may be used to train AI models. Universities should also establish internal review mechanisms to assess potential risks associated with the use of GenAI in research, including the evaluation of algorithmic biases, model limitations, and their possible effects on research outcomes. Additionally, universities are encouraged to promote AI literacy among both researchers and students. This can be achieved through the development of targeted courses, workshops on AI ethics, and the integration of AI competency frameworks into existing curricula.

(Nartey 2025) presents a comprehensive sequence of recommendations for integrating GenAI into higher education. These include educational workshops, curriculum integration, ethical policy development, transparent communication, feedback-driven refinement, faculty support, empirical evaluation, the promotion of critical thinking, and ensuring equitable access. While many general universities have adopted these measures to varying degrees, art-focused universities still lack a coherent and unified strategy for incorporating GenAI technologies—highlighting the need for clear guidelines and policy development.

For art universities (the second group), unique challenges arise due to the centrality of creative expression, authorship, and artistic labor. Policies for these institutions must account for concerns such as job displacement, privacy and data protection, ethical use, social inequality, and loss of human agency, as emphasized in Nartey (2025). Moreover, particular attention should be given to preserving the authenticity and value of creative labor in the age of GenAI.

Finally, for the third group—universities in Central Asia—it is recommended that institutions begin developing GenAI-related policies and guidelines by drawing on the best practices of leading U.S. and European universities, while at the same time adapting them to the cultural, linguistic, and institutional specificities of the region, as well as to the concrete educational needs of both faculty and students. Such efforts should remain aligned with emerging global frameworks and ethical standards articulated by international organizations such as UNESCO and the OECD, thereby enabling local initiatives to contribute to broader global academic interoperability. As Taylor (2024) emphasizes, although UNESCO's Guidance provides a suitable starting point for policy development, local contextualization and evaluation are essential for its meaningful application. In this regard, Table 2 outlines a comparative framework that highlights the distinctive emphasis of general and art-focused universities while also identifying their shared strategies, which can guide the formulation of policies that are both context-sensitive and globally coherent.

At the same time, the findings of this analysis should be interpreted in light of several limitations. First, the study covers only publicly available documents, which may lead to an underestimation of the actual level of institutional readiness, while simultaneously pointing to the limited transparency of certain universities. Second, the analysis was qualitative in nature and relied on textual interpretation; although the descriptions were carried out independently by multiple researchers and subsequently reconciled collectively, the possibility of subjective interpretation cannot be entirely excluded. Third, the study focused on only three regions (the US, Europe, and Central Asia); to achieve a more comprehensive understanding of institutional dynamics, future research should expand to include additional regions and use methods such as interviews with administrators, faculty, and students, as well as access to internal institutional documents.
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Artificial intelligence is gaining traction in higher education for its ability to simulate human intelligence and support learning processes. This systematic review investigates how artificial intelligence-enhanced teaching approaches are being applied in higher education institutions across the Global South. The study draws on peer-reviewed literature identified through a structured search of JSTOR and Web of Science databases, using clearly defined inclusion and exclusion criteria. The findings reveal that most applications focus on improving technical efficiency and administrative functions, while pedagogical integration remains limited. Key barriers include inadequate infrastructure, unequal access to digital tools, limited faculty preparedness, and ethical considerations. However, the review also highlights opportunities for locally adapted solutions and collaborative innovation. The study concludes with recommendations to guide policy and practice and outlines a future research agenda aimed at promoting equitable and context-sensitive use of artificial intelligence in higher education within the Global South.
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1 Introduction

Artificial Intelligence (AI) is increasingly recognized for its transformative power across various industries, particularly in education. McKinsey and Company (2024) define AI as “a machine's ability to perform the cognitive functions usually associated with human minds, such as perceiving, reasoning, learning, interacting with an environment, problem solving, and even exercising creativity.” In higher education, AI technologies have become central to innovative teaching and learning practices, offering personalized learning experiences, intelligent tutoring systems, adaptive learning platforms, automated grading, and advanced data analytics (Al-Zahrani and Alasmari, 2024). Furthermore, AI technologies are beneficial to higher education, since AI-powered platforms significantly enhance learning quality, increase retention rates, and improve the overall educational experience (Divyshikha et al., 2024).

Despite these advancements, there remains a substantial lack of research on the pedagogical strategies underpinning the integration of AI into educational processes, particularly within AI-supported learning systems (Vorobyeva et al., 2025). Recent studies from leading Higher Education Institutions (HEIs) in the Global North highlight that digital transformation presents complex challenges and requires proactive adaptation to emerging technologies (Gering et al., 2025). While the urgency of AI adoption in teaching and learning is well documented in the Global North, a significant research gap persists concerning its use in the Global South.

This gap is particularly salient given the unique challenges faced by HEIs in the Global South, including resource constraints, digital divides, socioeconomic disparities, and underdeveloped infrastructure (Henadirage and Gunarathne, 2025). The digital divide, in particular, deepens educational inequalities, as students in underserved communities often lack access to AI technologies (Divyshikha et al., 2024). Understanding how AI can transform teaching and learning in the Global South is critical—not only due to these challenges but also because of the potential for leapfrogging, wherein HEIs can bypass traditional development stages by adopting cutting-edge technologies to bridge gaps between industrialized and developing countries (Steinmueller, 2001).

Accordingly, this systematic review synthesizes the existing literature on AI-enhanced pedagogies in higher education within the Global South—an area that remains underexplored. This study is guided by the following research questions:

	(1) How is AI currently being used to support teaching and learning in the Global South?
	(2) What are the key challenges and opportunities identified in this context?
	(3) What gaps exist in the current evidence base?

The remainder of this article is structured as follows: the next section outlines the methodology, followed by the presentation of results. The final sections discuss practical recommendations, outline areas for future research, and provide concluding remarks.



2 Methodology


2.1 Research design

This study employs a Systematic Literature Review (SLR) methodology, integrated with bibliometric analysis, to examine the scholarly landscape of AI-enhanced pedagogies in higher education across the Global South. The systematic review approach ensures a transparent, replicable, and structured process for identifying, selecting, and evaluating relevant literature, thereby enhancing the rigor and credibility of the findings (Moher et al., 2009; Petticrew and Roberts, 2006). Given the emerging and interdisciplinary nature of this research area, bibliometric analysis was employed to complement the review by quantitatively mapping the field (Donthu et al., 2021). This analytical method facilitates the identification of influential publications, authors, institutions, and thematic trends, offering insights into the intellectual structure and research evolution within the domain (Aria and Cuccurullo, 2017). By combining qualitative synthesis with bibliometric techniques, the study provides a comprehensive overview of the current state of knowledge, highlights areas of scholarly concentration, and uncovers gaps that warrant further investigation (Snyder, 2019).



2.2 Data sources and search strategy

Data for this SLR were obtained from two widely recognized and reputable academic databases: JSTOR and Web of Science (WoS). These databases were selected for their broad disciplinary coverage, high indexing quality, and extensive repository of peer-reviewed journal articles. Their inclusion ensures a robust and credible foundation for both the systematic review and bibliometric analysis, as they provide access to comprehensive metadata, including author affiliations, keywords, citations, and publication trends. Using both databases also mitigates the risk of publication bias associated with relying on a single source and enhances the overall reliability of the dataset.

A carefully constructed search strategy was employed to retrieve relevant literature on the use of AI in pedagogical practices within higher education across the Global South. The search incorporated a combination of Boolean operators and thematic keywords to ensure both precision and breadth. Boolean operators are logical connectors used to combine search terms in bibliographic databases. The three principal operators are AND, OR and NOT: AND narrows results to records containing all specified terms OR broadens results by retrieving records that contain any of the terms, and NOT excludes records containing the term that follows it. Use of Boolean operators enables precise control over sensitivity and specificity during database searching (Higgins et al., 2024). Core keywords included: “artificial intelligence”, “AI-enhanced learning”, “pedagogy”, “higher education”, and “Global South”. These terms were combined using the Boolean operator AND to narrow the search to studies situated at the intersection of these domains, while the operator OR was used to capture variations in terminology. For example, searches included phrases such as “artificial intelligence” AND “pedagogy”, “AI-enhanced learning” OR “AI in education”, and “higher education” AND “Global South”. Truncation and phrase searching were also applied where appropriate to maximize the retrieval of relevant studies while excluding unrelated material.

The search was limited to studies published between 2019 and 2025 to reflect the contemporary state of research and capture recent developments in both AI technologies and their pedagogical applications in the Global South. This time frame was selected to align with the rapid evolution of AI and its increasing integration into educational contexts during this period. To ensure linguistic consistency and interpretive clarity, only publications written in English were included. Furthermore, to maintain academic rigor, only peer-reviewed journal articles and review papers were considered. Editorials, conference abstracts, book reviews, and gray literature were excluded. Gray literature refers to material that is not controlled by commercial publishers and therefore is not indexed consistently in major bibliographic databases, for example theses, dissertations, technical reports, government documents, policy papers and conference reports. The inclusion of grayliterature reduces publication bias and can capture practitioner knowledge and locally produced evidence that would otherwise be missed (Paez, 2017).

All search results were exported in BibTeX format, which allowed for seamless integration with Biblioshiny (the web-based interface of Bibliometrix) and VOSviewer. These tools were subsequently used to conduct a descriptive bibliometric analysis and generate network visualizations, such as co-authorship maps, keyword co-occurrence networks, and citation analyses. This approach ensured that the dataset was both methodologically sound and analytically robust, forming a solid basis for the subsequent phases of the review.



2.3 Inclusion and exclusion criteria

A rigorous set of inclusion and exclusion criteria was applied to ensure that the final body of literature selected for this review was methodologically sound, thematically relevant, and aligned with the study's objectives. These criteria were established prior to the screening process and applied consistently to enhance the transparency, reliability, and replicability.

To be included in the final dataset, studies were required to meet several core conditions. Only peer-reviewed journal articles were considered, ensuring scholarly quality. All studies had to be written in English to maintain linguistic consistency and reduce the risk of misinterpretation. Publications were limited to those published between 2019 and 2025 to reflect the recent and rapidly evolving nature of AI applications in education, particularly in higher education. Critically, articles were only included if they explicitly focused on the use of AI in higher education and demonstrated clear relevance to the Global South. This relevance was established through either empirical studies conducted in Global South regions or comparative analyses offering insights transferable to these contexts.

Studies were excluded if they failed to meet any of the above criteria. This included non-peer-reviewed documents such as conference papers, editorials, opinion pieces, book reviews, and technical reports, which were omitted due to concerns over quality and methodological transparency. Articles that did not specifically address higher education—such as those focused on primary or secondary education, administrative processes, or unrelated technological domains—were also excluded. Additionally, studies lacking a conceptual or geographical focus on the Global South were removed, as were those that mentioned AI only superficially without engaging substantively with its pedagogical applications. Lastly, papers with insufficient methodological rigor, conceptual clarity, or empirical depth were excluded from the final dataset.



2.4 Screening and selection process

The initial search yielded 947 records. After removing 117 duplicates, 830 unique records remained for screening. During the title and abstract screening phase, 304 articles were excluded due to a lack of thematic relevance—typically because they addressed non-educational applications of AI or were situated in unrelated regional contexts. This left 526 articles for full-text review. Of these, 31 articles were excluded for not sufficiently addressing higher education, 17 for lacking relevance to the Global South, 9 for offering limited conceptual or methodological contributions, and 6 for not being peer-reviewed. Following all screening phases, a total of 463 articles met the inclusion criteria and were retained for bibliometric and content analysis.

This systematic and stepwise approach to inclusion and exclusion ensured that the final corpus of literature was both academically rigorous and directly relevant to the study's focus on AI-enhanced pedagogies in higher education within the Global South. The article section process is summarized in Figure 1 using the PRISMA flow diagram.


[image: PRISMA flowchart illustrating study selection for a review. Starting with 947 records identified, 117 removed as duplicates, 830 screened, 304 excluded, 526 reports sought, 31 not retrieved, 495 assessed for eligibility, 32 excluded for relevance, contribution, or peer review status, and 463 new studies included in the final review.]
FIGURE 1
 PRISMA flow diagram illustrating the article selection process (adapted from Page et al., 2021).




2.5 Data analysis tools

The bibliometric data were analyzed using two established tools: Biblioshiny, the web-based interface of the Bibliometrix R package, and VOSviewer. Biblioshiny was used to conduct descriptive analyses, including the examination of publication trends over time, source impact, author productivity, keyword frequency, and the geographical distribution of research output. This facilitated a broad understanding of the structure and evolution of the research field.

In parallel, VOSviewer was employed to generate visual representations of scholarly networks. Specifically, it supported the mapping of co-authorship networks, co-citation relationships, and keyword co-occurrence clusters, offering insights into the intellectual, collaborative, and thematic structure of the literature. Together, these tools enabled both quantitative and visual exploration of the dataset, enhancing the interpretability of key patterns and interconnections in the field.



2.6 Output: tables and figures

The analysis was supported by a series of tables and figures that present both descriptive statistics and network visualizations derived from the bibliometric dataset. Key tables include a summary of publication output by year, the most productive and most cited authors, leading journals, frequently occurring keywords, and the geographical distribution of contributions.

Complementary visual outputs include:

	• A PRISMA flow diagram depicting the article selection process,
	• A bar chart showing annual scientific production,
	• A word cloud of author keywords, and
	• Thematic and conceptual maps illustrating keyword clusters.

Network visualizations generated using VOSviewer include co-authorship networks, co-citation maps, and keyword co-occurrence diagrams. Collectively, these outputs offer both quantitative and interpretive insights into the development, structure, and thematic focus of the literature on AI-enhanced pedagogies in higher education within the Global South.



2.7 Key tables
 
2.7.1 Descriptive summary of publications

The bibliometric dataset for this systematic review comprises a total of 463 peer-reviewed documents published between 2019 and 2025, as summarized in Table 1. These publications are drawn from 228 distinct sources, including academic journals, books, and other scholarly outlets, indicating broad dissemination of research across disciplinary and regional boundaries. The literature has experienced a notable annual growth rate of 56.23%, reflecting rapidly increasing scholarly interest in the intersection of AI and higher education. The average age of the documents is 1.32 years, suggesting that the majority of the literature is recent and captures contemporary developments in AI technologies and pedagogical practices. On average, each document received 6.58 citations, highlighting active engagement with this emerging body of work. The dataset collectively cites 19,984 references, providing a robust foundation for situating AI-enhanced pedagogy within the broader academic discourse.

TABLE 1 Main information summary.	Description	Results
	Main information about data
	Timespan	2019:2025
	Sources (Journals, Books, etc)	228
	Documents	463
	Annual growth rate %	56.23
	Document average age	1.32
	Average citations per doc	6,577
	References	19,984
	Document contents
	Keywords plus (ID)	437
	Author's keywords (DE)	1,502
	Authors
	Authors	1,413
	Authors of single-authored docs	106
	Authors collaboration
	Single-authored docs	108
	Co-authors per doc	3.25
	International co-authorships %	17.71
	Document types
	Article	304
	Article; book chapter	6
	Article; early access	60
	Article; proceedings paper	1
	Book review	3
	Editorial material	2
	Proceedings paper	58
	Review	27
	Review; early access	2



In terms of content, the dataset exhibits considerable thematic diversity, with 1,502 distinct author keywords and 437 Keywords Plus (ID) terms capturing the conceptual scope of the field. The author base includes 1,413 individual contributors, with 106 authors producing single-authored documents, reflecting a collaborative scholarly culture. An average of 3.25 authors co-authored each document, and 17.71% of publications involved international co-authorship, indicating cross-border academic collaboration. Regarding document types, the majority of records are standard articles (304), followed by article/early access (60), proceedings papers (58), reviews (27), article/book chapters (6), book reviews (3), editorial material (2), and review/early access (2). This distribution illustrates the predominance of research articles while also capturing the diversity of publication formats within the field.



2.7.2 Affiliations

An analysis of institutional contributions reveals a strong research presence within South Africa. As shown in Table 2, the University of Cape Town leads with 61 publications, followed closely by the University of the Witwatersrand (60) and the University of Johannesburg (52). Other notable contributors include Nelson Mandela University (41), University of the Western Cape (37), University of the Free State (35), Northwest University (34), University of KwaZulu-Natal (34), Stellenbosch University (32), and the Open University of Cyprus (28). These affiliations demonstrate that a small group of institutions is driving scholarly output in AI-enhanced pedagogical research, reflecting concentrated leadership both regionally and internationally.

TABLE 2 Most relevant affiliations.	Affiliation	Articles
	University Of Cape Town	61
	University of Witwatersrand	60
	University of Johannesburg	52
	Nelson Mandela University	41
	University of The Western Cape	37
	University of The Free State	35
	North West University-South Africa	34
	University of Kwazulu Natal	34
	Stellenbosch University	32
	Open University of Cyprus	28





2.7.3 Countries

Citation analysis highlights key national contributions to research on AI-enhanced pedagogies in higher education. As shown in Table 3, South Africa leads in total citations with 2,021, averaging 6.30 citations per article. Cyprus (442; 15.20) and the United Kingdom (426; 22.40) also demonstrate substantial scholarly impact, while Botswana (173; 43.20) shows a notably high average citation rate relative to its publication volume. Other contributors include the USA (83; 5.20), Australia (81; 13.50), Finland (40; 20.00), Uganda (28; 14.00), Tanzania (25; 3.10), and the Netherlands (22; 11.00). These data indicate a diverse geography of influence, where countries from both the Global South and Global North contribute meaningfully to the field. While South Africa demonstrates strong overall output, smaller countries such as Botswana and Finland exhibit high citation impact, suggesting that influential scholarship is emerging from a range of national contexts.

TABLE 3 Most cited countries.	Country	TC	Average article citations
	South Africa	2,021	6.30
	Cyprus	442	15.20
	United Kingdom	426	22.40
	Botswana	173	43.20
	USA	83	5.20
	Australia	81	13.50
	Finland	40	20.00
	Uganda	28	14.00
	Tanzania	25	3.10
	Netherlands	22	11.00





2.7.4 Documents

Table 4 presents the ten most cited documents within the dataset, highlighting total citations, citations per year (TC per Year), and normalized citation scores. These metrics provide insight into each publication's visibility, academic influence, and sustained relevance in the field. The top-cited work in this selection is (Fowler 2015, British Journal of Educational Technology) with 252 total citations, averaging 22.91 citations per year and a normalized citation score of 15.15. This study is widely referenced for its methodological rigor and contributions to technology-enhanced learning. (Tabulawa 2003, Comparative Education) follows with 171 citations (7.43 per year; normalized TC 1.74), highlighting its continued relevance in comparative pedagogical studies.

TABLE 4 Most globally cited documents.	Paper	DOI	Total citations	TC per year	Normalized TC
	Fowler, 2015, Brit. J. E. Technol.	10.1111/bjet.12135	252	22.91	15.15
	Tabulawa, 2003, Comp. Educ.	10.1080/03050060302559	171	7.43	1.74
	Rambe and Bere, 2013, Brit. J. Educ. Technol.	10.1111/bjet.12057	149	11.46	6.45
	Van Schalkwyk et al., 2019, Med. Edu.C	10.1111/medu.13804	127	18.14	11.22
	Hoadley, 2007, J Curriculum S.	10.1080/00220270701261169	71	3.74	2.29
	Zembylas et al., 2014, Gender Educ.	10.1080/09540253.2014.901718	67	5.58	5.34
	Zembylas, 2021, Crit. Stud. Educ.	10.1080/17508487.2019.1617180	60	12.00	10.42
	Stein, 2000, Tesol Quart	10.2307/3587958	56	2.15	1.00
	Zembylas, 2018, S. Afr. J. Edu.	10.15700/saje.v38n4a1699	55	6.88	11.68
	Leibowitz et al., 2010, Race Ethnic Educ.UK	10.1080/13613320903364523	53	3.31	2.37



(Rambe and Bere 2013, British Journal of Educational Technology) received 149 citations (11.46 per year; normalized 6.45), demonstrating sustained influence in educational technology research. (Van Schalkwyk et al. 2019, Medical Education) accumulated 127 citations (18.14 per year; normalized 11.22), reflecting its impact on pedagogical innovations in professional education contexts. (Hoadley 2007, Journal of Curriculum Studies) and (Zembylas et al. 2014, Gender and Education) have 71 (3.74 per year; normalized 2.29) and 67 citations (5.58 per year; normalized 5.34), respectively, underscoring the continued relevance of critical and curriculum-focused scholarship.

Additional influential publications include (Zembylas 2021, Critical Studies in Education, 60 citations; 12.00 per year; normalized 10.42), (Stein 2000, TESOL Quarterly, 56 citations; 2.15 per year; normalized 1.00), (Zembylas 2018, South African Journal of Education, 55 citations; 6.88 per year; normalized 11.68), and (Leibowitz et al. 2010, Race, Ethnicity and Education, 53 citations; 3.31 per year; normalized 2.37). Collectively, these studies illustrate the interdisciplinary and international nature of research informing AI-enhanced pedagogies, combining insights from technology, curriculum studies, and critical education scholarship.

Overall, Table 4 highlights the foundational literature that has shaped discourse in educational technology and AI-enhanced teaching. While not all publications explicitly focus on AI pedagogy, their methodological rigor and high citation impact demonstrate their relevance for informing contemporary educational innovations, particularly in higher education contexts across the Global South.




2.8 Key figures
 
2.8.1 Three-field plot

A three-field plot is a Sankey-style diagram that displays the relationships among three bibliographic fields (for example, authors, author keywords, and source journals), showing how items in each field connect and the relative weight of those connections. The plot is generated by the three Fields Plot function in the Bibliometrix/Biblioshiny environment and is useful for visualizing cross-field linkages in bibliometric datasets (Aria and Cuccurullo, 2017). Figure 2 presents a Sankey diagram illustrating the distribution of research on AI-enhanced pedagogies across key themes, countries, and institutions. The visualization highlights South Africa as a central contributor, with major universities, including the University of Cape Town, the University of the Witwatersrand, the University of Johannesburg, Nelson Mandela University, and the University of the Western Cape, emerging as prominent nodes. These institutions are strongly associated with themes such as “pedagogy,” “critical pedagogy,” “higher education,” and “social justice,” reflecting a robust engagement with both technological and educational dimensions of AI in the region.
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FIGURE 2
 Three-field plot.


The figure also indicates international collaboration, with connections to countries such as the United Kingdom, Cyprus, Australia, and the USA, demonstrating that South African research is embedded within broader global networks. Keywords like “artificial intelligence,” “learning,” and “curriculum” appear recurrently, suggesting a growing but still developing focus on the pedagogical implications of AI technologies.

Smaller but emerging contributions from countries such as Botswana, Zimbabwe, Ghana, and Nigeria indicate the expanding geographic reach of AI-enhanced educational research within the Global South. Overall, Figure 2 underscores a field in evolution: technologically sophisticated, increasingly collaborative across borders, yet still maturing in its integration of AI within teaching and learning practices.



2.8.2 Word cloud

The word cloud was produced using Biblioshiny (Bibliometrix) and exported as Figure 3. It should be noted that the word cloud provides a frequency-based representation only, while keyword co-occurrence analysis is reported separately (Aria and Cuccurullo, 2017). A word cloud is a frequency-based visualization in which the font size of each word is proportional to its frequency in the selected text field. In bibliometric studies, a word cloud of author keywords provides a quick visual summary of dominant topics, but should be interpreted with caution because it does not show co-occurrence structure or relationships among terms (Donthu et al., 2021). Figure 3 illustrates a word cloud generated from the author-supplied keywords of the academic literature included in this systematic review. The relative size of each term reflects its frequency of occurrence, providing a visual overview of the dominant themes and areas of focus in the field. The most prominent terms include “South African university” and “South African universities,” signaling a strong emphasis on the higher education context within South Africa. Closely linked are terms such as “South African education,” “South African schools,” and “South African classrooms,” which collectively underscore the central role of local educational settings in the reviewed studies.
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FIGURE 3
 Word cloud of author keywords.


Other key themes with considerable weight include “artificial intelligence (AI),” “emergency remote teaching,” and “teacher professional development,” indicating that much of the scholarship addresses both technological and pedagogical dimensions. Terms such as “critical thinking pedagogy,” “social justice education,” and “pedagogical content knowledge” highlight the focus on teaching approaches and equity-driven education. Additionally, the inclusion of concepts like “learners' metacognitive skills,” “pre-service teacher education,” and “online learning platforms” points to the interplay between technology, pedagogy, and teacher preparation.

Overall, Figure 3 provides a concise visual representation of the research landscape, revealing how South African educational contexts, digital transformation, and critical pedagogical practices intersect to shape current scholarly inquiry.



2.8.3 Authors' production over time

Figure 4 presents a visualization of authors' publication trajectories within the dataset, highlighting their scholarly engagement in education research over time. Each horizontal line corresponds to an individual author, while circular markers indicate the years in which they published. The size of each marker is proportional to the number of publications for that year, providing insight into the intensity of research output.
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FIGURE 4
 Authors' production over time.


The figure reveals that certain authors, such as Zembylas M and Bozalek V, demonstrate sustained contributions across multiple years, with notable peaks in productivity. Hoadley U also shows consistent engagement, with a significant cluster of publications around 2019. Others, such as Vandeyar S, Geduld D, and Mendelowitz B, contribute at more specific intervals, reflecting a more concentrated focus in certain periods.

Meanwhile, emerging contributions can be observed from authors like Nkealah N and Andrews G, whose publications have become more visible in recent years, signaling a growing engagement in the field. The varying sizes of markers also highlight fluctuations in productivity, suggesting cycles of research activity that may align with shifts in scholarly focus or collaborative projects.

Overall, Figure 4 not only maps publication timelines but also illustrates the diversity of authorial engagement, ranging from long-term sustained contributions to more recent and concentrated entries. This temporal distribution underscores the evolving nature of educational research in South Africa, shaped by both established voices and new perspectives entering the discourse.



2.8.4 Keyword co-occurrence map

Figure 5 displays a keyword co-occurrence map generated using VOSviewer, which illustrates the intellectual structure and thematic clusters within the literature reviewed. The size of nodes corresponds to keyword frequency, while the thickness of connecting lines reflects the strength of co-occurrence between terms. Distinct color groupings indicate thematic clusters, offering insight into dominant and emerging areas of research.
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FIGURE 5
 Keyword co-occurrence map (generated using VOSviewer).


At the center of the map, “pedagogy” emerges as the most influential node, forming strong connections with related concepts such as “critical pedagogy,” “higher education,” “curriculum,” and “teacher education.” This central positioning highlights pedagogy as the anchoring theme around which much of the research discourse is organized. Closely linked terms such as “social justice,” “decolonization,” and “inclusive education” underscore the field's strong engagement with equity, transformation, and contextually responsive approaches to teaching and learning.

Another prominent cluster centers on “curriculum” and “technology,” connected to terms like “assessment,” “ICT,” and “online learning.” This indicates a significant focus on integrating digital tools and technological innovation into teaching practices, with implications for learner-centered approaches and educational transformation. Similarly, the cluster around “critical pedagogy” is linked to concepts such as “social class,” “racism,” and “resistance,” reflecting ongoing debates about power, inequality, and justice in education.

Peripheral clusters extend the thematic breadth of the field. For example, connections with “multilingualism,” “translanguaging,” and “language policy” demonstrate the salience of linguistic diversity in South African and Global South educational contexts. Terms such as “student learning,” “innovation,” and “educational technology” further highlight the interplay between pedagogy, technology, and student outcomes.

Overall, Figure 5 reveals a multidimensional research landscape where pedagogy functions as a central hub, intersecting with themes of critical inquiry, technological integration, curriculum development, and social justice. This mapping demonstrates how scholarship in this area is not only concerned with teaching methods but also deeply invested in broader questions of equity, transformation, and contextual responsiveness within higher education.





3 Results

This section presents the five key themes that emerged from the systematic review.


3.1 Theme 1: technocentric dominance in AI-enhanced pedagogical research

A critical thematic pattern identified in the review is the technocentric orientation that dominates current research on AI-enhanced pedagogies in higher education across the Global South. The literature reflects a prevailing emphasis on technological functionality, primarily “machine learning,” “deep learning,” and “algorithmic modeling,” as foundational tools for improving educational delivery, often at the expense of meaningful pedagogical theorization or instructional reflection.


3.1.1 Subtheme 1.1: technical systems and functional efficiency

Most studies in the review frame AI as a mechanism for optimizing efficiency, automating processes, and enhancing system-level functionality (e.g., learning analytics dashboards, intelligent tutoring systems). While such tools offer value for educational infrastructure, they frequently prioritize predictive accuracy and automation over pedagogical relevance or transformative learning design. For instance, (Gawe and Gudyanga 2025) focus extensively on system performance, applying AI to refine data analysis, content recommendation, and user adaptation models. These studies, although technically sophisticated, demonstrate minimal engagement with student-centered learning principles or differentiated instructional strategies, thereby positioning pedagogy as a secondary concern. Moreover, AI is often integrated into curricula and teaching practices without explicit consideration of how learners interact with these technologies, or how such systems affect the cognitive, emotional, or social dimensions of learning. The literature reveals a trend in which AI-enhanced tools are treated as ends in themselves rather than as enablers of purposeful pedagogical innovation. As a result, critical questions related to learner agency, digital pedagogy, and contextual appropriateness remain largely unaddressed (Roe and Perkins, 2024; Qian, 2025).



3.1.2 Subtheme 1.2: absence of theoretical pedagogical grounding

The lack of robust pedagogical frameworks is a persistent gap across the reviewed studies. Only a small subset of publications explicitly references established learning theories, such as “constructivism”, “socio-cultural learning”, or “transformative learning theory”. Instead, there is a widespread reliance on an implicit instructional logic in which technology is assumed to inherently enhance learning outcomes, without demonstrating how or why this improvement occurs (Gawe and Gudyanga, 2025; Kucirkova et al., 2023). This absence of theoretical coherence limits the explanatory power of many studies. Although numerous papers report improvements in student performance metrics following the implementation of AI systems, few articulate these gains in terms of learning processes, engagement patterns, or epistemological alignment with course content (Bauer et al., 2025). Consequently, pedagogy is often reduced to a “black box” function that is under-theorized and overshadowed by technical metrics and performance indicators.



3.1.3 Subtheme 1.3: unquestioned assumptions about technological benefit

Across multiple studies, a common trend in literature is that the mere integration of AI technologies into educational settings improves pedagogy (Zhai et al., 2024). In many cases, authors cite the promise of AI to improve quality, scalability, and personalization but fail to provide critical evaluation or contextual evidence to support such claims (Xiang and Meadows, 2025). This optimistic framing reflects a broader trend in which AI is romanticized as a catch-all solution to educational deficits in the Global South, without adequately addressing the institutional, cultural, or infrastructural realities that affect how these tools are deployed in classrooms. For example, studies focusing on sub-Saharan Africa or South Asia often highlight the potential of AI but neglect to account for variability in teacher readiness, student digital literacy, or resource constraints, all of which significantly mediate the technology's effectiveness (Bolu et al., 2024). The reviewed literature reveals a strong emphasis on AI applications, particularly “machine learning”, “deep learning”, and “algorithmic modeling”, over pedagogical frameworks or instructional theory (Xiang and Meadows, 2025). Therefore, much of the prevailing discourse centers on AI primarily as a tool for efficiency, automation, and data-driven prediction, with limited engagement in student-centered teaching models or cognitive learning outcomes.



3.1.4 Subtheme 2.1: scattered thematic and disciplinary foci

Keyword co-occurrence analyses and bibliometric mapping reveal a research landscape characterized by multiple but weakly connected clusters (Ntunka et al., 2024). At its center, technological themes such as “computer vision,” “machine learning,” and “digital entrepreneurship” dominate, yet their links to pedagogy and instructional theory remain tenuous (Zembylas, 2018). This indicates that while the field draws on diverse disciplinary perspectives, it often lacks integration around questions of teaching and learning.

One prominent strand highlights technological innovation in domains such as logistics and sustainable infrastructure, but education is frequently referenced only at the margins, with little analysis of how these advancements reshape course design, classroom practice, or student engagement (Ntunka et al., 2024). Similarly, clusters that could bridge education and technology, such as those centered on e-commerce or digital transformation, tend to emphasize technical solutions rather than pedagogical outcomes (Zembylas, 2018).

Peripheral nodes broaden the thematic spread, yet they rarely converge into a coherent pedagogical conversation. As a result, the field presents itself as interdisciplinary but fragmented, with education often positioned as a secondary concern rather than the primary focus of inquiry (Ntunka et al., 2024). This dispersion raises important questions about whether the label “AI-enhanced pedagogy” reflects a consistent research agenda or whether it is used opportunistically within broader multidisciplinary debates (Zembylas, 2018).



3.1.5 Subtheme 2.2: absence of theoretical frameworks

A critical weakness across the reviewed literature is the near-complete absence of pedagogical theory, with few studies grounding AI-enhanced learning in established or emerging educational paradigms (Msonde, 2023). Instead, pedagogical value is often implied through technical descriptors such as efficiency, personalization, and automation, without articulating the mechanisms of learning or the rationale for adopting AI (Mendelowitz, 2017). This lack of theoretical anchoring results in shallow interpretations of educational impact and limits the field's ability to demonstrate how AI can meaningfully shape teaching and learning practices (Vandeyar, 2021).

For instance, adaptive learning platforms are often praised for their responsiveness, yet little attention is given to the epistemological assumptions behind such responsiveness, or to how it aligns with learners' cognitive, cultural, and social contexts (Msonde, 2023). Similarly, studies that emphasize the promise of innovation tend to describe AI in terms of functionalities rather than intentionally theorized, learner-centered approaches (Mendelowitz, 2017). As a result, AI-enhanced pedagogy is frequently framed as a set of tools and outcomes rather than a coherent educational practice informed by critical or transformative theoretical traditions (Vandeyar, 2021).



3.1.6 Subtheme 2.3: conceptual gaps between innovation and instruction

The disconnect between AI innovation and pedagogical utility is further evidenced by the fact that many empirical studies, particularly those conducted in technical faculties, emphasize system architecture and algorithm performance over instructional strategies (Zembylas, 2025). While studies often demonstrate technical capabilities to forecast performance and identify at-risk students (Almalawi et al., 2024), many studies do not sufficiently explore how such systems actually support meaningful learning experiences in the classroom. For example, robotic learning assistants have been introduced in several studies across Southeast Asian and African institutions; however, there is limited discussion about how students interact with these technologies or whether such interactions foster deeper learning, critical thinking, or inclusive participation (Mbirimi-Hungwe, 2021).

Without such pedagogical insight, the field risks promoting technological determinism, wherein educational value is assumed rather than evidenced (Yafele, 2020). Moreover, very few studies contextualize AI within the specific institutional cultures, curricular structures, or socioeconomic conditions of Global South universities (Zembylas, 2025). As a result, innovations are often imported rather than indigenously developed, exacerbating the disconnect between AI capabilities and educational realities on the ground (Mbirimi-Hungwe, 2021). This conceptual misalignment raises critical concerns about the sustainability and relevance of AI-driven interventions in under-resourced or structurally diverse academic settings (Yafele, 2020).




3.2 Theme 3: regional leadership and uneven scholarly representation

The systematic review reveals a clear pattern of geographic concentration in the scholarly production on AI-enhanced pedagogies, with a few countries, most notably South Africa and Cyprus, emerging as consistent leaders in terms of publication volume and citation impact. Yet, this regional leadership does not reflect the Global South as a whole, where many regions remain significantly underrepresented, particularly in Central Africa, Latin America, and parts of Asia. Furthermore, the structure of scholarly collaboration highlights imbalances in research partnerships, with North–South collaborations often taking precedence over more equitable South–South exchanges.


3.2.1 Subtheme 3.1: South African and Cypriot leadership in research output

South Africa stands out as the most prolific contributor to AI-enhanced pedagogical research in the Global South, with institutions such as the University of Cape Town, the University of the Witwatersrand, and the University of Johannesburg playing central roles in the field's development. This leadership is supported by a concentration of research capacity within a small number of well-resourced universities, alongside national commitments to digital transformation in higher education (Jameson, 2022). South African researchers often frame AI in relation to equity of access, blended learning, and strategies to address infrastructural constraints in under-resourced contexts (Mokoena and Seeletse, 2025; Saal et al., 2025; Sanders and Mukhari, 2024).

Similarly, Cypriot universities, most notably the Open University of Cyprus, demonstrate strong engagement with AI-enhanced learning, with a relatively high average citation impact despite a smaller publication volume (Zembylas, 2025). Much of the Cypriot scholarship positions AI as a driver of pedagogical innovation, linking it to European digital education strategies and broader shifts in higher education modernization (EOC, 2025).

Although the review identifies national hotspots such as South Africa, Cyprus, the United Kingdom and Botswana, substantial gaps remain across large regional blocs, notably Central Africa and much of Latin America. In Latin America, for example, Uruguay exemplifies a long tradition of scholarship on school materialities and pedagogy, yet it is largely absent from contemporary empirical work on AI in higher education, which highlights a disjunction between historical regional scholarship and current AI-focused debates (Iglesias, 2025). Many countries across Central Africa are scarcely visible in the indexed literature, a pattern that reflects structural constraints such as limited research funding, restricted access to indexed journals and language barriers in non-English speaking scholarly communities (Davis and Ensor, 2018). Similarly, parts of Southeast Asia exhibit uneven representation, with a small number of national leaders present in the dataset, while other countries contribute minimally, thereby reducing the field's capacity to capture region-specific pedagogical challenges and opportunities. This uneven geographic profile risks producing monolithic frameworks for enhanced AI pedagogy; to improve inclusivity, future work should support multilingual publication pathways, broaden sampling to underrepresented regions and foster equitable collaboration among Global South countries (Davis and Ensor, 2018).




3.3 Theme 4: sustainability as a crosscutting concern

An increasingly prominent dimension of AI-enhanced pedagogy in the Global South is its intersection with sustainability discourses, particularly those aligned with the United Nations Sustainable Development Goals (SDGs). A growing segment of the literature views AI not merely as a tool for instructional automation or efficiency but as a strategic enabler of sustainable education. These studies position AI within a broader vision of social and environmental responsibility, framing pedagogy as a means of preparing students for the complex demands of green economies, climate adaptation, and sustainable industry development.


3.3.1 Subtheme 4.1: alignment with SDG-oriented curriculum development

Several studies highlight the role of AI in shaping curricula that directly respond to sustainability imperatives, particularly in higher education contexts undergoing rapid digital and environmental transformation. For instance, (Leal Filho et al. 2025) explore how AI applications can support interactive and personalized approaches to sustainable teaching, while (Gohr et al. 2025) emphasize the potential of AI to enhance SDG research and education. These studies demonstrate that AI-enabled platforms can align course content with current developments, thereby enhancing the relevance of curricula.

(Mienye et al. 2024) explored the potential of AI to advance sustainable development in Africa, emphasizing its role in driving progress across various sectors, including education, agriculture, healthcare, environmental protection, and infrastructure. Introducing AI to these contexts could also promote critical thinking around sustainability challenges within local contexts. These examples illustrate that viewing sustainability as an abstract concept, rather than treating it as a pedagogically embedded principle, requires data-rich, context-aware AI technologies.



3.3.2 Subtheme 4.2: framing pedagogical innovation around future skills and green economies

Beyond curricular integration, several studies frame AI-enhanced learning as a means of cultivating future-ready competencies, particularly those needed in emerging green and digital labor markets. (Mwagiru et al. 2025) assert that in aligning skills development pathways with the demands of green, digital, and AI transformative shifts, SADC member states can benefit from implementing skills foresight and a skills governance approach.

In South and Southeast Asia, researchers highlight the importance of AI in promoting systems thinking, interdisciplinary learning, and problem-solving under uncertainty, skills considered essential for navigating the socio-environmental complexities of the twenty-first century (Arfanuzzaman, 2021; UNESCO, 2023). These skills can be cultivated through project-based and AI-supported learning formats that expose students to realistic sustainability problems, often drawn from their own communities. Such pedagogical models reframe the university not exclusively as a site of knowledge transmission but as a laboratory for local innovation grounded in sustainable practices.



3.3.3 Subtheme 4.3: tensions and gaps in sustainability integration

Despite the potential of AI to support sustainability-oriented education, several studies caution against overstating its impact without attending to contextual barriers. (Leal Filho et al. 2025) and (Mienye et al. 2024) note that while AI tools are increasingly used to support teaching and research, the actual implementation of sustainability-focused curricula remains uneven. In many institutions, sustainability is treated as an add-on rather than an organizing principle, and AI tools are deployed without a clear pedagogical framework linking them to social or environmental outcomes.

Moreover, infrastructural and policy gaps in many Global South contexts pose significant obstacles. For example, lack of access to reliable environmental datasets, limited faculty training in both AI and sustainability, and the absence of cross-disciplinary collaboration often hinder the integration of meaningful sustainability content into AI-enhanced teaching. These challenges suggest that while the rhetoric of “AI for sustainability” is gaining ground, its realization requires sustained investment in institutional capacity, curricular reform, and localized knowledge production.




3.4 Theme 5: challenges to effective integration of AI in pedagogy

While enthusiasm around AI's potential in higher education continues to grow, the literature reviewed reveals that its integration into pedagogical practice in the Global South remains uneven, complex, and fraught with structural challenges. These challenges are not merely technical but are deeply rooted in broader institutional, infrastructural, and pedagogical ecosystems that shape how technologies are accessed, adopted, and sustained within universities.


3.4.1 Subtheme 5.1: infrastructural constraints and digital inequality

One of the most frequently cited barriers to AI integration is the persistent digital infrastructure gap in many Global South contexts. Numerous institutions lack the foundational technologies required to support AI-driven systems, including stable internet access, high-performance computing, and digital resource repositories. For example, (Davis and Ensor 2018) note that while AI discourse often assumes ubiquitous access to advanced technologies, this assumption overlooks the asymmetrical technological realities of low- and middle-income countries. These infrastructure disparities are exacerbated by broader digital inequalities between urban and rural institutions, where bandwidth limitations, hardware shortages, and unreliable electricity access undermine efforts to implement AI-enhanced teaching tools (Ahiaku et al., 2025; Mwansa et al., 2025). In this context, even simple AI-based learning analytics platforms may remain inaccessible to many universities.



3.4.2 Subtheme 5.2: limited educator readiness and institutional resistance

Another recurrent challenge is the low level of AI-related pedagogical competence among academic staff. Computer Science educators express significantly more confidence in their technical understanding of generative AI tools than other educators (Ghimire et al., 2024). As such, there is uncertainty about how AI can meaningfully enhance teaching, particularly in disciplines outside of computer science or engineering. The gap is not only technical but also conceptual, as educators often lack opportunities to explore how AI aligns with their teaching philosophy, curriculum goals, or assessment models. Moreover, institutional cultures can be resistant to pedagogical experimentation, especially when changes require shifts in professional identity, restructured workloads, or new evaluation metrics. (Ntunka et al. 2024) assert that without strong leadership, incentives, and long-term professional development, the implementation of AI remains surface-level, driven by policy rhetoric rather than embedded in meaningful teaching practice.



3.4.3 Subtheme 5.3: ethical concerns and local context neglect

Ethical concerns also cast a shadow over AI adoption in educational settings. Issues such as data privacy, algorithmic bias, and surveillance culture are particularly acute in the Global South, where regulatory frameworks are often underdeveloped. UNESCO (2021) highlights the risk of exacerbating existing inequalities if AI systems are deployed without careful consideration of cultural, social, and economic contexts. In many cases, AI tools used in universities in the Global South are imported from the Global North and are poorly adapted to local languages, pedagogical norms, and student needs (Msonde, 2023). This results in a mismatch between the promise of AI and its actual performance in context. Despite frequent calls in the literature for context-sensitive implementation strategies, empirical studies documenting locally developed or culturally adapted AI tools remain scarce, indicating a gap between policy aspiration and practical research.





4 Discussion

The review reveals that research on AI-enhanced pedagogies in the Global South is primarily driven by a technocentric agenda that prioritizes system performance and algorithmic optimization over pedagogical depth, with comparatively little work that examines instructional aims and classroom practices. This pattern reflects broader tendencies in educational technology research, where AI is often presented as a readymade solution while instructional theory receives limited attention (Davis and Ensor, 2018). The review emphasizes that AI tools cannot be used in isolation from pedagogy, contextual learning environments, and student experiences. As such (Zhai et al., 2024).

The conceptual landscape revealed by the review is fragmented, with multiple disciplinary strands pursuing related but often disconnected questions about AI in education, and with few efforts to produce shared definitional or theoretical frameworks (Davis and Ensor, 2018). This fragmentation undermines cumulative knowledge building and makes it difficult to compare findings across studies. The review, therefore, calls for theoretical consolidation, urging future research to anchor AI innovations in established educational paradigms while adapting those paradigms to local institutional and socio-cultural realities (Yafele, 2020).

Geographic concentration is a prominent feature of the corpus. As Table 3 shows, a small set of countries accounts for the bulk of citations and influence, while other regions remain scarcely represented. Institutional concentration is equally evident, as Table 2 shows that a relatively small group of universities, notably several South African institutions and the Open University of Cyprus, drive much of the published output. This uneven distribution risks narrowing the evidence base and privileging perspectives that may not generalize to less visible contexts. The absence of sustained empirical work from large regional blocs, including parts of Central Africa and Latin America, is particularly striking and points to a persistent geography of scholarly visibility that requires remedial attention.

Sustainability emerged in the review as a cross-cutting theme with potential to recast AI not only as an instructional tool but as a catalyst for education systems that advance climate resilience and social justice, in line with global development agendas (UNESCO, 2021). Nevertheless, the analysis indicates that sustainability is frequently treated as a peripheral concern rather than a guiding principle for design and implementation, and that few studies integrate sustainability goals into the core logic of AI-enhanced pedagogical interventions. The review, therefore, argues for a more explicit alignment between AI research in education and longer-term development priorities.

Finally, the review highlights persistent structural barriers that constrain meaningful AI adoption in many settings in the Global South, including infrastructural limitations, publication and indexing barriers, and gaps in faculty preparedness and pedagogical training. These constraints are compounded by epistemic and linguistic marginalization that reduces the visibility of locally generated knowledge (Davis and Ensor, 2018). Addressing these barriers requires investment in capacity building, support for multilingual and open publication pathways, and funding models that prioritize South-South collaboration and locally led research agendas.

In sum, the review advances a clear research agenda: center pedagogical questions in AI design and evaluation, pursue theoretical consolidation that is sensitive to local contexts, expand the geographic and institutional base of inquiry, and align AI research with sustainability and equity goals. Only through such reorientation can the field move from technology-driven promises to context-sensitive, pedagogically robust, and ethically grounded practice.



5 Recommendation


5.1 Practical recommendations

This SLR underscores the need for HEIs in the Global South to move beyond a technocentric approach and explicitly prioritize the integration of AI into teaching and learning through robust pedagogical frameworks such as transformational learning and constructivism. Achieving this shift requires the design and implementation of comprehensive training programs that build both technical and pedagogical AI competence among educators.

Secondly, stronger interdisciplinary collaboration must be cultivated between academic faculties and support units (e.g., ICT departments) to ensure a holistic and integrated approach to AI adoption. In addition, intra-regional partnerships should be actively promoted—alongside broader South-South collaborations – to facilitate the sharing of knowledge, best practices, and the joint development of contextually appropriate solutions.

Third, institutional capacity building should be emphasized. This includes increased investment in digital infrastructure, with a particular focus on creating context-sensitive AI solutions that are culturally relevant, linguistically accessible, and locally developed or adapted for the Global South.

Fourth, holistic skills development should be promoted through a balanced approach that leverages AI not only for efficiency and automation but also for cultivating critical thinking and other essential competencies. These include skills necessary to address persistent social challenges such as poverty, unemployment, and environmental degradation.

Finally, continued attention must be given to ethical guidelines for AI adoption, including privacy, data protection, algorithmic transparency, and inclusivity, to ensure the responsible and equitable use of AI in higher education. Aligning these practical recommendations with broader sustainability and SDG-related objectives can further strengthen the role of HEIs as agents of transformative change within their communities.



5.2 Recommendations for future research

This review highlights several areas where further scholarly inquiry is both necessary and urgent. First, research must address regional gaps. A significant lack of empirical studies remains on AI-enhanced pedagogy in regions such as Central Africa, Latin America, and parts of Southeast Asia. Studies conducted in these underrepresented contexts are critical to understanding the localized challenges and opportunities of AI in education.

Second, future research should move beyond examining AI tools developed in the Global North. Greater emphasis must be placed on the design, implementation, and evaluation of locally developed AI solutions that are sensitive to the cultural, linguistic, and pedagogical realities of the Global South.

Third, the development and empirical testing of pedagogical frameworks for AI use in higher education must be further explored. Comparative studies across different countries and institutions can illuminate how cultural, institutional, and policy factors shape AI adoption, leading to the identification of best practices for context-sensitive integration.

Fourth, the ethical, equitable, and sustainable use of AI continues to be a global concern. Future research should critically explore these dimensions, with a specific focus on data privacy, algorithmic bias, surveillance risks, and questions of justice and equity within AI-enhanced learning environments.

Finally, further investigation is needed into the lived experiences of faculty and students. Qualitative and mixed-method studies that explore perceptions, experiences, and the exercise of agency by both educators and learners can deepen our understanding of how AI is experienced and enacted in real-world teaching and learning settings.

Advancing research in these directions will provide a stronger foundation for inclusive, theoretically grounded, and contextually relevant AI integration in higher education across the Global South.




6 Limitations of the study

While this systematic review provides a comprehensive synthesis of the literature on AI-enhanced pedagogies in higher education within the Global South, several limitations should be acknowledged. First, the review was limited to English-language publications indexed in selected international databases. As a result, relevant research published in other languages or in local, non-indexed journals may have been excluded. Second, the exclusion of non-peer-reviewed sources may have introduced publication bias, especially given the rapid pace at which AI-related innovations are emerging in practice. Finally, due to the dynamic and fast-evolving nature of AI technologies, the review may not fully reflect the most recent technological or pedagogical developments in the field. Future research should seek to address these limitations by incorporating a broader range of sources, languages, and methodological approaches, including gray literature and practitioner-driven case studies.



7 Conclusion

This study found that, within the context of higher education in the Global South, AI is primarily employed to improve efficiency and automate administrative and instructional processes. The adoption of AI tools—many of which are developed in the Global North—has been driven by technocentric imperatives, with comparatively little attention paid to pedagogical design or the use of theoretical frameworks. Consequently, AI tools are not yet fully leveraged to support deep, student-centered learning experiences.

HEIs in the Global South continue to face substantial structural challenges that hinder meaningful AI integration. These include persistent digital divides, infrastructure deficits (such as limited access to reliable technology and internet connectivity), and inadequate institutional support for large-scale AI adoption. Additionally, many educators lack the training and confidence to use AI in pedagogically sound ways. Ethical concerns—including those related to data privacy, algorithmic bias, and the cultural relevance of imported AI tools—further complicate the landscape.

Despite these challenges, this study also identifies several opportunities. In particular, the potential for “leapfrogging” barriers through strategic adoption of innovative AI tools holds promise. Moreover, regional and cross-national collaboration—especially South-South partnerships —could facilitate knowledge exchange and the co-creation of contextually appropriate AI solutions.

Overall, the findings contribute to a research-informed agenda for advancing AI-enhanced pedagogies in the Global South. The study underscores the pressing need for more pedagogically grounded, context-sensitive, and ethically responsible approaches to integrating AI in higher education. By moving beyond purely technological framings and investing in inclusive, locally relevant practices, HEIs in the Global South can harness AI not only as a tool for efficiency but as a catalyst for transformative, equitable, and sustainable educational innovation.
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This study investigates the factors driving students’ reluctance to adopt generative artificial intelligence (GenAI) in higher education in Latvia and Ukraine. Although GenAI tools are rapidly diffusing across educational settings, little empirical research has examined why students choose not to use them or how these reasons differ across institutional and demographic contexts. A cross-sectional survey (N = 945) was conducted across three universities, and data were analysed using descriptive statistics and binary logistic regression. The findings show that 22% of students do not use GenAI in their studies, with part-time students, distance learners, older students, and graduate students showing the highest rates of non-use. The leading reasons for non-adoption were disbelief in GenAI effectiveness (46.9%), insufficient information (26.5%), and lack of knowledge about how to use GenAI tools (19.7%). Regression results indicate that learning format, age, and disciplinary affiliation significantly predict GenAI use in Ukraine, whereas only learning format predicts use in Latvia, suggesting that institutional context moderates students’ technological engagement. These findings provide one of the first cross-national, quantitatively grounded analyses of GenAI non-use in Europe and Central and Eastern Europe. They highlight the importance of targeted institutional interventions, including structured training, explicit guidelines, and discipline-specific support, to ensure equitable and informed GenAI adoption and to better prepare students for an AI-transformed labor market.
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1 Introduction

As GenAI continues to evolve, it is expanding rapidly across various sectors of the economy (Raza et al., 2024) and within specific industries, establishing itself as a pivotal trend. When applied effectively, it enhances productivity and unlocks new opportunities across diverse fields (Raza et al., 2024). GenAI has transformed higher education (Rasul et al., 2024), which is why it has been increasingly used by university students in their learning processes (Zaim et al., 2024). This reflects a new dynamic in the educational framework, described as the “teacher – AI – student” interaction (Ivanov and Soliman, 2023). With AI becoming more prevalent in the workplace (Simms, 2025), it is vital to encourage students to master GenAI for specific professional and academic purposes. This shift highlights the growing importance of GenAI literacy. For instance, in nursing education, GenAI literacy encompasses understanding and skillfully applying AI tools in learning environments. It extends beyond using platforms like ChatGPT for content generation and assessment to include critically evaluating the accuracy, ethical implications, and educational relevance of AI-generated outputs (Simms, 2025; Chan and Colloton, 2024). Developing such literacy requires students to actively engage with these tools and cultivate their ability to navigate complex ethical, technical, and practical considerations.

Students’ perceptions and use of GenAI tools, and thus, the development of GenAI literacy, depend on various factors (Keuning et al., 2024). Some learning contexts have been found to create barriers for students’ views on GenAI. While GenAI adoption in the workplace can be hindered by concerns such as data privacy, inaccuracies (“hallucinations”), and limited adaptability across sectors (Raza et al., 2024), in the field of education, barriers include skepticism and distrust of GenAI’s reliability and effectiveness (Yusuf et al., 2024), ethical concerns (Djokic et al., 2024; Prohorovs et al., 2024b), lack of awareness (Griffiths et al., 2024), inadequate skills and technological literacy (Chan and Hu, 2023), inertia and resistance to change (Mittal et al., 2024), educators’ attitudes toward its use (Chocarro et al., 2021) and students’ attitudes toward GenAI (Sallam et al., 2024), technical limitations (Wong and Looi, 2024), and fears that overreliance on GenAI might diminish critical and independent thinking (Li et al., 2024).

Several other factors hindering the adoption of GenAI in education include concerns about plagiarism and text ownership. The advanced nature of GenAI tools makes it difficult to distinguish between original student work and machine-generated content, raising questions about the foundations of academic integrity (Kumar and Mindzak, 2024; Hutson, 2024). For example, a study found that although 75% of students used GenAI, they did not acknowledge its use due to fears of academic consequences, unclear institutional guidelines, inconsistent enforcement of policies, and peer influence, all of which pose significant barriers to declaring AI use (Gonsalves, 2024). Moreover, when both human and AI collaborate in writing, defining authorship and original contribution becomes challenging, which calls into question traditional notions of originality and intellectual integrity, prompting a reexamination of what constitutes plagiarism in the digital age (Hutson, 2024).

In addition, factors such as technostress (Dai, 2025) and the potential overreliance on GenAI may limit student engagement in key human interactions and group work, hindering emotional and creative development (Creely and Blannin, 2025). Both the weaknesses and risks associated with GenAI have been identified as obstacles to its integration into education (Ivanov et al., 2024) and in perception of students (Sallam et al., 2024). Therefore, achieving a balance between utilizing AI as a tool and maintaining human connection in education is vital (Creely and Blannin, 2025), but this can be difficult, especially when students lack the expertise necessary to adequately assess GenAI-generated content, potentially leading to the spread of misinformation.

Additional barriers include students’ lack of proper prompting skills to communicate effectively with GenAI, the inability to generate satisfactory responses after multiple attempts, unclear value regarding GenAI’s relevance to specific learning goals (such as developing personal professional competencies), and potential disruptions to group work dynamics due to a preference for human interaction over human-AI collaboration (Dai, 2025). Furthermore, there is often a mismatch between GenAI-generated outputs and the specific requirements of group projects, as well as a lack of contextual specificity in the ideas produced, making them too broad or difficult to apply to specific contexts (Dai, 2025).

To overcome these barriers, positive attitudes toward GenAI tools are crucial for their adoption (Chan and Tsi, 2024). Consequently, negative attitudes may explain why some students are hesitant to use GenAI. Ivanov et al. (2024) suggest that improving both lecturers’ and students’ perceptions of GenAI’s benefits can foster more favorable attitudes, stronger subjective norms, and greater perceived behavioral control in using these tools within higher education. Achieving this requires implementing effective strategies to enhance awareness and understanding of GenAI applications in teaching and research.

One challenge in current scientific discussions is the assumption that all students will inevitably adopt GenAI, overlooking their personal choice in deciding whether or not to use it (Dai et al., 2023).

However, despite the rapid growth of GenAI research in higher education, we have not found any empirical studies that systematically examine the specific reasons why students decide not to use GenAI in their studies, nor any studies that quantitatively assess the relative weight of these reasons or evaluate differences between student groups, disciplines, and forms of learning. Existing studies mainly focus on student perceptions, ethical considerations, or intentions to use GenAI, leaving limited data on the actual barriers to its adoption. To our knowledge, this study is one of the first to present a quantitative analysis of the main reasons for not using GenAI, and these reasons are assessed alongside statistically verified differences using logistic regression. Particular attention is paid to Latvia and Ukraine, as these two higher education systems operate in significantly different institutional and digital contexts: Latvia, as an EU member state, benefits from a relatively stable digital infrastructure and consolidated governance, while Ukraine faces fragmented institutional capacity and wartime disruptions. This contrast allows us to explore how institutional ecosystems shape patterns of GenAI non-use and contribute new insights to broader discussions in Europe and Central and Eastern European countries about the integration of artificial intelligence into higher education.

Based on the identified gap in research, the aim of this study was to identify the reasons why Ukrainian and Latvian students might be reluctant to use GenAI in their learning. The aim is justified due to the gaps in empirical research on higher education students’ perceptions of the use of GenAI in Latvia and Ukraine. This issue is of critical importance, as the consistent and appropriate use of GenAI can improve the quality and productivity of student learning, enhance the educational process, and better prepare students for the demands of the job market (Prohorovs et al., 2024a). To this end, the study addresses three main research questions: First, what proportion of students from various universities in two different countries do not use GenAI in their studies? Second, which categories of students do not use GenAI in their academic activities? Third, what are the main reasons for the lack of GenAI use among students from the universities and countries involved in this study, both overall and with a breakdown by student categories?

The findings hold both practical and academic value. From a practical, organizational, and educational-methodological standpoint, the results offer valuable insights for university administrations, faculty members, and regulatory educational bodies regarding the reasons some students hesitate to use GenAI in their learning. Methodologically, we have developed a framework to measure the primary factors influencing why university students do not incorporate GenAI into their educational processes.

From a theoretical perspective, and in line with previous findings on the behaviors and views of engineering students (Dai, 2025), this study provides insights into Latvian and Ukrainian students’ values and perceptions of the limitations of GenAI. The findings will be analyzed through the lenses of the Theory of Planned Behavior (TPB), Self-Efficacy Theory (SET) and Unified Theory of Acceptance and Use of Technology (UTAUT), which have previously been used to explain the adoption of GenAI.

The article is structured as follows: following the Introduction, the second section reviews the relevant literature, the third section presents the research methodology and data, and the fourth section outlines the results of the study. This is followed by a discussion, recommendations, research limitations, and a conclusion.



2 Background


2.1 Problems in students’ application of GenAI

Despite numerous benefits, several challenges impede the effective application of GenAI in educational contexts. A prominent barrier is the lack of digital literacy and technological skills among students. Chan and Hu (2023) emphasize that to fully utilize GenAI tools, students must possess a foundational level of technological proficiency. Those who lack these skills may feel overwhelmed and reluctant to engage with GenAI, ultimately hindering their learning experiences. Educational institutions must prioritize digital literacy programs to equip students with the necessary skills to navigate the evolving technological landscape (Chan and Hu, 2023). Wong and Looi (2024) also highlight the significant technical limitations that students encounter, including inadequate internet connectivity and access to modern devices. These barriers can severely restrict students’ ability to effectively engage with GenAI tools, diminishing the overall impact of these technologies on their educational experiences. Addressing these technical challenges is crucial to ensuring equitable access to GenAI resources across diverse student populations (Wong and Looi, 2024). GenAI, for example, ChatGPT, may generate incorrect or outdated information, which makes some students reluctant to rely on it for academic tasks. Accuracy is a particular concern in fields where up-to-date knowledge is crucial, such as hospitality management (Ali and OpenAI, 2023). The role of educators is pivotal in the successful integration of GenAI into teaching practices. Mittal et al. (2024) argue that insufficient understanding and support from instructors can inhibit the effective use of GenAI by students. When educators are not adequately trained to utilize these technologies, students miss out on essential guidance and mentorship. Therefore, professional development opportunities focusing on GenAI are vital for instructors to foster a supportive learning environment that encourages student engagement (Mittal et al., 2024). Djokic et al. (2024) underscore the ethical implications and privacy concerns associated with the use of GenAI tools in education. Students often express anxiety regarding the security of their personal data and the ethical implications of relying on GenAI technologies for their academic work. This apprehension can lead to reluctance in fully embracing GenAI, as students may fear the potential misuse of their information and the implications of diminished critical thinking skills (Djokic et al., 2024). Yu and Guo (2023) further emphasize that while GenAI has transformative potential, its adoption in educational institutions is often slowed by these ethical dilemmas and concerns about transparency and accountability. They argue that addressing these issues is crucial for fostering trust and wider acceptance of GenAI tools among students. The risk of academic dishonesty and ethical dilemmas is also a major factor. ChatGPT can easily generate responses, essays, and reports, which could lead to plagiarism or reduce the authenticity of students’ work, making them cautious or hesitant to use such tools (Vazquez-Cano et al., 2023; Ali and OpenAI, 2023).



2.2 Why some students do not use GenAI

Despite the extensive benefits offered by GenAI, various reasons contribute to the hesitancy among students to utilize these technologies. A significant barrier is the skepticism surrounding the effectiveness and reliability of GenAI tools. Yusuf et al. (2024) note that this skepticism often arises from previous negative experiences with technology or a general mistrust of GenAI systems. Such attitudes can discourage students from experimenting with GenAI, ultimately limiting their exposure to the potential benefits these technologies offer (Yusuf et al., 2024). Concerns related to academic integrity, including fears of cheating and plagiarism, significantly influence students’ attitudes toward GenAI. Djokic et al. (2024) highlight that many students worry about the implications of using GenAI-generated content for their assignments, fearing potential academic misconduct. This concern can serve as a substantial deterrent to the adoption of GenAI in educational contexts (Djokic et al., 2024). Griffiths et al. (2024) emphasize that many students remain unaware of the functionalities and benefits of GenAI tools. Without adequate exposure and education regarding these technologies, students may not fully appreciate their potential to enhance learning experiences and academic outcomes. Educational institutions should prioritize awareness campaigns to inform students about the advantages of GenAI (Griffiths et al., 2024).

Many students exhibit a preference for traditional study methods and are resistant to adopting new technologies. Mittal et al. (2024) discuss the need for educational institutions to cultivate a culture of innovation and adaptability among students to address this issue. Encouraging students to embrace change and explore new methodologies can enhance their learning experiences and prepare them for the future workforce (Mittal et al., 2024). Chocarro et al. (2021) underscore the importance of educators’ attitudes toward GenAI in shaping students’ willingness to engage with these technologies. If teachers demonstrate resistance or lack confidence in using GenAI tools, it can create an environment where students feel discouraged from utilizing these resources. Thus, fostering a positive attitude among educators is essential for promoting student engagement with GenAI (Chocarro et al., 2021). There is a growing concern that over-reliance on GenAI tools might inhibit students’ ability to think critically and independently. GenAI tools are highly dependent on the quality of input prompts, and students might worry that using these tools could diminish their problem-solving skills (Li et al., 2024). In a study, that involved 1,465 students from 512 universities in the USA, UK and Germany, it was found that students from social sciences, arts and humanities had a more distant relationship with GenAI compared to students from computer science and related fields (Bewersdorff et al., 2025). Another reason might relate to how GenAI tools are used in the learning process. In one study on entrepreneurship students use of GenAI tools, it was discovered that once the use of GenAI is on the increase in the learning environment, students use GenAI tools more frequently (Zulfiqar et al., 2025).



2.3 Theoretical perspectives on reluctance to use GenAI by students


2.3.1 Choice of theories

The increasing integration of GenAI into educational contexts is associated not only with benefits and opportunities but also challenges, with student reluctance to adopt such tools emerging as a significant barrier. Understanding this reluctance is crucial for academic and administrative staff of higher education institutions (HEIs), seeking to promote meaningful engagement with GenAI. While various behavioral theories could potentially explain this reluctance, this study will tap into TPB, SET and UTAUT. Yet, prior to the overview of these theories, it is important to note that some other theories, such as the Theory of Reasoned Action (TRA), Cognitive Load Theory (CLT), Resistance to Change Theory (RCT), and Social Exchange Theory (SocET), which could have been used to explain students’ reluctance to adopt GenAI, will not be used in this study mostly due to the type of data obtained as well as for the reasons provided below.

TRA, developed by Fishbein and Ajzen (1975), explains how individuals’ attitudes and subjective norms shape their behavioral intentions and actions, assuming rational decision-making where individuals weigh consequences before acting. It emphasizes two key principles: compatibility and behavioral intention (Mishra et al., 2014), with behaviors influenced by a positive congruence between attitudes and intentions (Kong and Wang, 2021). TRA has been widely applied across sectors, such as banking, education, and technology, including promoting programming in schools (Mishra et al., 2014; Kong and Wang, 2021) and cyberspace activities (Wu, 2020). However, TRA assumes complete volitional control, overlooking external factors like access to resources or personal confidence. For instance, it cannot address barriers such as reluctance to use smart home devices due to security concerns (Klobas et al., 2019) or constraints that might limit students’ use of GenAI despite positive intentions (Wu, 2020). For this reason, as well as due to its relatedness to TPB, which was an expansion of TRA, this theory was not considered here. While TRA provides a robust framework for understanding behaviors driven by attitudes and norms, TPB’s inclusion of barriers such as access, policies, and confidence ensures broader applicability. Retaining both theories could be redundant due to their conceptual overlap at some level. Another reason for excluding TRA is that it is already incorporated within the UTAUT model, which is noticeably more powerful in explaining behavior than TRA (Gonzalez-Tamayo et al., 2024; Liu et al., 2023). UTAUT will be considered in this study.

CLT, which addresses the issue of the impact of information processing demands on learning processes and outcomes, does not apply here because this study did not measure cognitive load or any other cognitive processes required to parse, interpret and encode the use of GenAI tools. In earlier studies, for example, CLT was used to examine how the design of the study affected the memory load (Sweller, 2019). At the same time, while CLT suggests that a high cognitive load can deter the use of complex tools, many GenAI platforms are designed to simplify tasks, requiring minimal prior knowledge or effort. For instance, students can quickly generate essay outlines or research summaries using user-friendly interfaces. This undermines the claim that cognitive overload is a significant barrier, as GenAI often reduces rather than increases cognitive demands. More importantly, CLT fails to address motivational or affective barriers, such as students’ skepticism about the ethical implications of using AI for academic tasks or a lack of confidence in their ability to use the tool effectively. These non-cognitive factors play a more significant role in shaping students’ reluctance to adopt GenAI tools.

RCT, which emphasizes fear of the new or attachment to familiar methods, is less relevant since young students, as the primary subjects of this study, are generally more open to experimenting with new technologies than older populations or institutional frameworks. This theory is more effective in explaining resistance to change in established organizational settings, where existing routines and practices are deeply ingrained. RCT posits that students may resist adopting GenAI due to a preference for familiar study methods or fear of disrupting established routines. In higher education, students often face practical and ethical concerns about GenAI use, such as fears of academic misconduct accusations or uncertainty about how AI-generated content aligns with institutional guidelines. These concerns might stem from a lack of clarity or support rather than an inherent aversion to change. Furthermore, if students are unaware of GenAI tools or fail to see their relevance to specific academic tasks, their non-use cannot be attributed to resistance but rather to knowledge gaps or inadequate communication from educators.

RCT also fails to address external influences, such as institutional policies and infrastructure, that significantly affect students’ adoption of GenAI. In many universities, limited access to GenAI tools or inconsistent messaging about their acceptable use might lead students to avoid them—not out of resistance, but due to unclear expectations or lack of support. For example, a student might avoid using GenAI for essay writing if their professor provides no guidance on whether it constitutes plagiarism. Therefore, while RCT highlights the psychological discomfort of change, in some cases, it might also overlook broader systemic and contextual barriers that influence students’ technology adoption in higher education.

SocET relies on the assumption that individuals consciously weigh the potential costs and benefits of their actions before making decisions. However, in the context of students’ disinterest in GenAI, such a structured cost–benefit analysis may not occur. For example, students may avoid GenAI not because they perceive it as costly or low in benefit but because they are unaware of its potential applications or have not been guided on how to integrate it effectively into their academic routines. The study’s focus on subjective responses, such as feelings of uncertainty or lack of confidence, reflects emotional and psychological factors rather than the calculated exchanges central to SocET. These affective responses cannot be neatly categorized as “costs” or “benefits,” making the theory an imperfect lens for understanding such behaviors. Additionally, SocET assumes that individuals act rationally to maximize rewards and minimize losses, but students’ engagement with GenAI often involves factors that transcend rational cost–benefit reasoning. For instance, cultural perceptions of academic integrity, peer influence, or a lack of institutional support might discourage students from using GenAI, even if it could demonstrably save time or improve performance. These barriers reflect social and contextual dynamics rather than the transactional logic central to SocET.



2.3.2 Relevance of theory of planned behavior (TPB)

TPB, developed by Ajzen (1991), offers a reasonable framework for accounting for students’ possible reluctance to use generative AI (GenAI) in higher education. Consistent with TPB, behavior is influenced by three essential factors: attitudes, subjective norms, and perceived behavioral control (Ivanov et al., 2024). In tandem, these factors form or affect behavioral intentions and can be used to predict actual or possible actions. In general, TPB (Gonsalves, 2024; Ivanov et al., 2024) was employed to understand the lack of reported GenAI use, as it incorporates attitudes, subjective norms, and perceived behavioral control (Ivanov et al., 2024), which are key to understanding learning and teaching (Ivanov and Soliman, 2023). More specifically, TPB was used to account for a wide range of student and young people’s behavior, for example, when making calls while riding electric bikes (Liu and Chen, 2023), texting while driving (McBride et al., 2020), wasting food (Akhter et al., 2024), having environmentally friendly intentions toward the environment overall (De Leeuw et al., 2015), oceans (Qu et al., 2023), recycling (Mahmud and Osman, 2010), bioenergy (Halder et al., 2016), engaging in exercise activities (Lu et al., 2022), safe administration and use of medication (Lapkin et al., 2015), performing cardiopulmonary resuscitation on strangers (Xia et al., 2024), having entrepreneurial intentions (Razi-ur-Rahim et al., 2024), etc. By examining how these components interact in the context of technology adoption, TPB can provide some valuable insights into psycho-social factors that may contribute to students’ reluctance in using GenAI tools. Earlier, TPB was used not only to explain the usage of technology in general, as in cases of technology acceptance for e-commerce among young people (Ruiz-Herrera et al., 2023), teenagers’ spending time in virtual worlds (Mäntymäki et al., 2014), but also for understanding how GenAI can be used in the study process by students (Ivanov et al., 2024), including cheating intentions (Greitemeyer and Kastenmüller, 2024).

Attitudes affect behavior, including GenAI use. Positive attitudes towards GenAI promote its use among students (Chinene et al., 2024). Students report that GenAI saves time and provides new perspectives (Chinene et al., 2024), improves effectiveness (Law, 2024), helps to bridge knowledge gaps (Huang et al., 2024), These attitudes are internally connected to such factors as the chosen profession (Chinene et al., 2024), costs and learning needs (Kohnke, 2024), technological proficiency and trust in AI tools (Dai, 2025), privacy concerns (Law, 2024) as well as general views of their assignments (Dai, 2025). These attitudes are externally connected to subjective norms, or the perceived expectations of others. Subjective norms are induced and endorsed by others (Islam et al., 2024) with the focus on the key value of the expected behavior (Sannusi et al., 2024). In case of technology use, they are connected to the perceived usefulness, relevance to work, acceptance, the use purposes in work environment (Islam et al., 2024) as well as the perceived value of technologies (Kleine et al., 2025). Higher education environments are deeply social, and peer or faculty attitudes significantly shape technology adoption. Organizational culture plays a critical role in reinforcing these norms (Islam et al., 2024). Therefore, if students believe their instructors, institutions or peers encourage the use of GenAI or view its use as ethically acceptable, they may feel socially supported in the development and application of their GenAI literacy. At the same time, ambiguous or restrictive university policies on AI usage can create confusion, leading students to act with caution by avoiding GenAI altogether. One such factor is the academic violation of integrity (Rowland, 2023), which might be insufficiently addressed by HEIs. Perceived behavioral control refers to the belief in one’s ability to successfully use a tool or perform a task irrespective of social influences (Mandal et al., 2025). The higher one’s belief in their own behavioral control over a certain action, the higher the likelihood of engagement in such activities, for example, in gaming (Mandal et al., 2025) or general technology use an educational setting (Ivanov et al., 2024). Behavioral control is critical in shaping and supporting behavioral intentions, eventually leading to behavior (Ivanov et al., 2024).

While TPB provides a valuable lens for understanding the psychological and social dimensions of students’ use of GenAI, it is not without limitations. The theory assumes that individuals make deliberate, rational decisions based on attitudes, norms, and perceived control, which might result in the exclusion of implicit factors shaping behavior.



2.3.3 Relevance of self-efficacy theory (SET)

The Self-Efficacy Theory rests on four components – performance achievements, experiences of others, verbal encouragement, and emotional states (Collie et al., 2024; Kong et al., 2024; Relente and Capistrano, 2025). More recently, the concept of perception of self-efficacy has been broadened in relation to performance achievements and emotional states; specifically, performance achievements have been broadened to encompass events associated with personal experiences, while emotional states were expanded to include the overall psychological state (for review, see Bayır and Aylaz, 2021). Self-efficacy affects an individual’s selection of activities, level of effort, and persistence, which also translates into the level of avoidance of activities if those are beyond one’s completion capabilities. In other words, self-efficacy refers to an individual’s capability and self-belief, reflecting their confidence in effectively performing a task, and is considered to be a component of motivation (Bandura, 2001). Increasing the level of self-efficacy is important because the higher the level of self-efficacy, the longer people’s determination to continue to handle challenges and attain the goal (Liu et al., 2025; Relente and Capistrano, 2025), which ultimately leads to a change in behavior (Bayır and Aylaz, 2021) through the perception of the capacity to control behavior and by stimulating new choices (Trinh et al., 2025).

In the context of technology, including GenAI, self-efficacy has been empirically identified as a key predictor of acceptance and use of technology (Collie et al., 2024; Kong et al., 2024), for example, the usage of open access online resources (Trinh et al., 2025). Lower self-efficacy levels have been linked to the perceived difficulty of using Internet resources and reluctance to engage with them (Lew et al., 2020; Trinh et al., 2025). Similarly, lower self-efficacy was found to be an impeding factor in the use of facial recognition technology (Liu et al., 2022) and digital entrepreneurship intention (Biu and Duong, 2024). Such lower self-efficacy levels in case of technology use were associated with heightened anxiety (Liu et al., 2022), higher levels of technostress (Biu and Duong, 2024) and higher concern levels over privacy risks (Liu et al., 2022). Consequently, if students perceive tasks as significantly above their skills, their motivation is expected to decrease, which is why the academic environment might be an important factor in either stimulating or hindering the use of GenAI. Therefore, Wallace and Kernozek (2017) suggest that academic staff should attempt to prepare academic activities in engaging ways, implementing experiential learning and ensuring that all four components of self-efficacy shape learning excitement.

However, there are studies suggesting that in academic settings, a higher level of self-efficacy may lead to reduced use of GenAI. For example, in Egypt, university students with higher levels of self-efficacy were more reluctant to resort to ChatGPT assistance, and this was further associated with lower levels of procrastination and higher levels of orientation towards learning achievements among students (Daha and Altelwany, 2025). In other words, higher achievers with higher levels of motivation were more reluctant to use GenAI. It might also be possible that the level of knowledge of GenAI might have been a contributing factor. Perhaps, the use of GenAI might have been perceptually associated with the increasing complexity of the task, which generally negatively affects self-efficacy, and thus, self-satisfaction. This study, however, is not the only one of its kind. In a separate study conducted in the USA, undergraduate agriculture students working on an Arduino programming task showed that the self-programming group, which did not use GenAI assistance, might have achieved better post-training results than the group that relied on it, even though it was not easy to identify which component of training, which also included classroom instructions, contributed more to differences in results (Johnson et al., 2024). This finding was attributed to a higher level of effort that students of the former group had to invest into learning Arduino programming (Johnson et al., 2024). Considering both studies, it might be possible that students who are interested in mastering skills and who are self-confident in their ability to complete an activity might be more academically self-reliant than relying on GenAI assistance.

Overall, SET provides an insight into factors, both internal and external, which affect learning, including students’ interaction with GenAI technologies. Considering self-efficacy in the context of GenAI use among students might be useful for restructuring the academic environment considering individual learning and goal-orientation differences. It might be possible that GenAI might be particularly useful for students with lower levels of knowledge and interest because, consistent with Yilmaz and Karaoglan Yilmaz (2023), they indicated the capacity of GenAI to create an adaptive learning environment tailored for specific learner needs.



2.3.4 Relevance of unified theory of acceptance and use of technology (UTAUT)

The Unified Theory of Acceptance and Use of Technology (UTAUT) is a model, encompassing eight other models (Gonzalez-Tamayo et al., 2024), which focuses on individuals’ perceptions and attitudes toward technology adoption (Michels et al., 2024) with a strong predictive power in comparison to other theories, which makes it widespread among researchers in relation to explaining technology-related behavior both by groups of users (Liu et al., 2023) and across organizations (Gonzalez-Tamayo et al., 2024). Developed by Venkatesh et al. (2003), the UTAUT model identifies four key constructs affecting an individual’s intention in relation to the use of technology - performance expectancy, effort expectancy, social influence, and facilitating conditions (Liu et al., 2023; Michels et al., 2024), which serve as independent variables, behavioral intention and use behavior as moderating variables, and gender, age, experience and voluntariness of use as moderating variable (Gonzalez-Tamayo et al., 2024; Idayani and Darmaningrat, 2024). These variables collectively shape how users perceive and decide to adopt new technologies (Michels et al., 2024). As earlier mentioned, the theory has been widely used to explain not only technology-related behavior (Liu et al., 2023) but also actions beyond the technology realm (Gonzalez-Tamayo et al., 2024; Gordon et al., 2024), including the explanation of the choice of purchasing alternative tractor fuel by farmers (Michels et al., 2024), consumer choice of carbon neutral label (Liu et al., 2023) and hydrogen for domestic use (Gordon et al., 2024), as well as the use of Internet- and mobile-based interventions in healthcare services (Philippi et al., 2021), acceptance of FinTech services in general (Bajunaied et al., 2023) and in relation to cryptocurrency transactions (Masudin et al., 2023).

The theory has also been used to account for a range of student behavior, including attitudes towards flipped classroom learning (Alyoussef, 2023), development of entrepreneurship intentions (Gonzalez-Tamayo et al., 2024) as well as acceptance of technology, such as the engagement in mobile learning (Gordon et al., 2024), the use of a digital platform (Zedemy) (Idayani and Darmaningrat, 2024), GenAI (Zaim et al., 2024), other AI-driven technologies among nursing students (Kwak et al., 2022), etc. Similar to SET, anxiety was found to be a contributing factor (Kwak et al., 2022). Within UTAUT, students are more likely to use technology, including AI-driven solutions, when the study environment focuses on enhancing performance expectancy, effort expectancy (Idayani and Darmaningrat, 2024; Kwak et al., 2022), self-efficacy to cultivate positive attitudes and reduce anxiety (Kwak et al., 2022), as well as social influence (Idayani and Darmaningrat, 2024; Sallam et al., 2024; Strzelecki, 2024) and facilitating conditions (Strzelecki, 2024). One of the most influential factors is performance expectancy - the stronger students’ belief that using GenAI will enhance their performance, the more likely they are to adopt it (Idayani and Darmaningrat, 2024; Kwak et al., 2022; Nikolic et al., 2024). Additionally, the extended UTAUT2 model highlights the importance of the factor of habit, indicating that the longer students engage with GenAI, the more likely they are to continue its use (Strzelecki, 2024). These findings point to the relationship between behavioral intentions and performed behavior, which is particularly important for the context of education.

Overall, UTAUT might be useful in considering students’ reluctance to use GenAI due to its focus on factors distinct from TPB and SET. While TPB emphasizes attitudes and perceived control, and SET centers on confidence in abilities, UTAUT highlights performance expectancy, effort expectancy, social influence, and facilitating conditions. These factors address external and contextual barriers, providing actionable insights for fostering positive perceptions and reducing resistance to GenAI adoption in educational settings.




2.4 Concluding remarks

In summary, the literature review highlighted the potential benefits and challenges of integrating GenAI into educational contexts. While GenAI has shown promise in enhancing learning outcomes, there is evidence pointing to the reluctance of students to use GenAI in certain academic contexts. To better understand these dynamics, the review established the relevance of TPB, SET, and UTAUT as robust frameworks for analyzing students’ behaviors and attitudes toward GenAI. Together, these theories offer a reasonable foundation for interpreting results and guiding strategies to maximize the effective and ethical use of GenAI in education.

The literature notes that the way students perceive and use GenAI tools may potentially depend on many factors (Keuning et al., 2024). However, we have not found studies that examine the relative weight of the main reasons why university students do not use GenAI in their learning process. We also have not found studies that explore whether there are differences in the reasons for not using GenAI depending on student categories and forms of learning, and whether these differences are statistically significant. Furthermore, students from social sciences, arts, and humanities tend to have a more distant relationship with AI compared to students from computer science and related fields.




3 Methodology


3.1 Sampling and data collection procedure

The methodology included a student survey that was conducted at the West Ukrainian National University (WUNU) and two Latvian universities – Riga Technical University (RTU) and RISEBA University of Applied Sciences (RISEBA).

The empirical basis of the study included two independent data sets collected from students at higher education institutions in Latvia and Ukraine. Data were collected using an online questionnaire developed in Google Forms. In Latvia, the survey was conducted between October 2023 and February 2024, and in Ukraine in May 2024.

The questionnaire was distributed via a university mailing list with an invitation to participate voluntarily. Convenience sampling was used for both countries, which is a common approach in research related to digital educational practices (e.g., Wang and Cheng, 2023; Nguyen et al., 2023). Student participation was anonymous and entirely voluntary, which minimized the potential influence of socially desirable responses and other sources of bias.

The number of respondents from the Ukrainian university who completed the questionnaire was approximately 6% of the total number of students. In Latvia, students from two universities participated in the survey, and the total share of respondents was approximately 2% of the total number of students at these universities.



3.2 Languages and cultural adaptation

To ensure the reliability and accuracy of the questions, the survey was conducted in Latvian and English for the Latvian sample and in Ukrainian for the Ukrainian sample. The wording of the questions was pre-checked for equivalence of meaning in translation and adaptation.



3.3 Tool and validation

The questionnaire included blocks of questions covering demographic characteristics, familiarity with generative artificial intelligence (GenAI), experience of using it in education, trust in technology, and ethical concerns. To increase the reliability of the instrument, pilot testing was conducted to refine the wording and structure of the questions. The selection of a limited number of items in each thematic section was dictated by the need to strike a balance between content completeness and ease of completion, which is in line with the recommendations of contemporary researchers in the field of educational analytics (e.g., Lee et al., 2024).

The Latvian and Ukrainian sample data were analyzed separately, which made it possible to take into account national and institutional differences in students’ perceptions and use of artificial intelligence technologies. This approach is widely used in cross-national studies of educational technology (see, for example, Teo et al., 2019; Scherer et al., 2023) and provides a more accurate identification of cultural and contextual factors influencing students’ readiness to use GenAI.



3.4 Respondents

The study involved 945 higher education students — 260 from Latvia and 685 from Ukraine.


3.4.1 Respondents from Latvian universities

Among Latvian students, 51.5% were male (n = 134) and 45% were female (n = 117). The majority of respondents were under the age of 25 (n = 184; 70.8%), while 27% (n = 70) reported being over 25 years old.

In terms of educational level, 84.6% of participants were enrolled in bachelor’s programs (n = 220) and 12.7% in master’s programs (n = 33).

The most widely represented were students from the faculties of business, economics and finance (63.5%), as well as engineering, manufacturing and construction (13.8%). Smaller groups were represented by social sciences (10.4%) and natural sciences, mathematics and IT (9.6%).



3.4.2 Respondents from a Ukrainian university

Women predominated in the Ukrainian sample (n = 392; 57.2%), while men accounted for 41.4% (n = 284). The vast majority of students were under 25 years of age (n = 649; 94.7%), and only 4.7% (n = 32) reported being over 25 years old.

In terms of educational level, 92.3% of respondents were enrolled in bachelor’s programs (n = 633), and 7.6% were enrolled in master’s programs (n = 52).

The most represented faculties included the Faculty of Law (n = 124; 18.1%), the Faculty of Computer Information Technologies (n = 123; 18.0%), the Faculty of Finance and Accounting (n = 118; 17.2%), the B. D. Gavrilishin Institute of International Relations (n = 102; 14.9%), and the Institute of Innovation, Environmental Management and Infrastructure (n = 99; 14.5%).

The structure of respondents by country and category is presented in Appendix 1.

Reasons for GenAI non-use among student categories at Latvian Universities are presented in Appendix 2.

Reasons for GenAI non-use among student categories at WUNU are presented in Appendix 3.

The results of the survey responses from students at Latvian universities are available in the repository at the following link:


https://docs.google.com/spreadsheets/d/1wpKoTru-qCUoWH7nKHIX189gozRW_iC-/edit?usp=sharing&ouid=108908453539272038804&rtpof=true&sd=true


The results of the survey responses from students at the Ukrainian University (WUNU) are presented in the repository at the following link:


https://docs.google.com/spreadsheets/d/1vaRRj_KSUzMBowPbOpVWr1-SAj8_mhDW/edit?usp=sharing&ouid=108908453539272038804&rtpof=true&sd=true





3.5 Descriptive statistics

To determine the reasons for students not using GenAI in the educational process, the method of descriptive statistics was used. Groups comprising fewer than 14 respondents were not represented in the charts due to their small sample size not providing sufficient reliability for the results.

To test for statistically significant differences in the reasons for students’ refusal to use GenAI between students of the two countries, types of study, study programs (bachelors or masters), gender, and age, a chi-squared test was used.



3.6 Regression analysis

To identify factors predicting students’ use of generative artificial intelligence (GenAI) tools in the learning process, binary logistic regression was performed.

Since the study included respondents from two different national contexts — Latvia and Ukraine — the data were analyzed separately, and a separate logistic regression model was constructed for each group. This decision was made to ensure methodological rigor and comparability of results, as well as to prevent possible distortions related to contextual differences between countries.

Although the survey instruments and data collection procedures were identical for both samples, students in Latvia and Ukraine differ in terms of higher education systems, levels of digital infrastructure, familiarity with artificial intelligence technologies, and socio-cultural attitudes towards innovation and ethics. These factors may interact differently with predictors (e.g., age, gender, level of education, or awareness of generative AI), which would violate the assumption of model homogeneity when combining data.

The literature notes that even within educational studies or cross-cultural research projects, comparing different national groups requires either direct testing of model equivalence or separate data analysis. For example:

A Review of the Application of Logistic Regression in Educational Research: Common Issues, Implications, and Suggestions (Niu, 2020) - a review of 130 empirical studies showed that many studies do not consider the contextual characteristics of the sample and make assumptions that the model is equally suitable for different groups.

Mapping the paths between self-construals, English language self-confidence and sociocultural adjustment of international students (Yang et al., 2006) — a study showing that cultural context and sample characteristics (in this case, international students) have a significant impact on predictors and models.

Citing these sources allows us to justify that the analysis of individual contexts (Latvia and Ukraine) is justified from a methodological point of view and corresponds to best research practices.

Conducting separate logistic regression models for both countries made it possible to identify country-specific patterns in terms of factors influencing students’ reluctance to use generative AI tools and provided an opportunity for a meaningful comparison of these factors between contexts without mixing them in a general model.




4 Results


4.1 Categories of students who do not use GenAI

Out of 945 valid survey responses from all universities, 208 students (22.0% of the total) reported not using GenAI in their learning. Among WUNU students, the proportion was 21.5%, while among students from the two Latvian universities it was 23.5%, which represents a minor cross-country difference.

Figure 1 shows a profile of students who do not use GenAI in learning.
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FIGURE 1
 Profile of students not using GenAI in learning.


The results of the analysis show that out of the nine student categories examined four groups have a significantly higher proportion of students who do not use GenAI in their learning process compared to the overall average. The highest share is observed among students enrolled in part-time programs (41.9%) and distance learning programs (37.7%). Additionally, students over the age of 25 show a high non-usage rate (35.3%). The proportion of students enrolled in master’s programs is also notably higher than the average - at 25.9%, which is nearly four percentage points above the overall rate.

This distribution across student categories can likely be explained by several factors. First, part-time and distance learning programs typically involve fewer contact hours or fewer opportunities for consultation with instructors compared to full-time programs. Second, students enrolled in these formats often have limited availability of time, as they tend to choose such programs due to higher levels of external commitments, for example, many of them work alongside their studies. Third, these students are generally older, which, as our findings indicate, is also a notable characteristic of those who do not use GenAI in their learning process. Regarding the category of master’s students, the higher proportion of those not using GenAI may be explained, first, by the fact that GenAI-related courses were introduced primarily for undergraduate programs, which is a logical curricular decision. Since the integration of GenAI into university curricula only began in 2023–2024, such courses were not yet included in most master’s programs. Additionally, master’s students are generally 3–4 years older than undergraduate students, and, as shown in our findings, age is a relevant factor associated with lower use of GenAI. The shorter duration of master’s programs, particularly the time pressure in the second year due to thesis preparation, also limits opportunities for engaging with GenAI tools. Finally, many master’s students combine study with employment, making time constraints another possible explanation for their lower adoption of GenAI in the learning process.



4.2 Reasons why students do not use GenAI

The next step in the analysis was to identify reasons that prevent students from using GenAI in learning (see Figure 2).
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FIGURE 2
 Reasons why students do not use GenAI in learning.


The analysis results indicate that 46.9%, which is nearly half of the students who do not use GenAI in their learning, refer to a lack of belief in the effectiveness of GenAI as the primary reason. This finding aligns with Bewersdorff et al.’s (2025) categorization of student attitudes toward AI, particularly those classified as pragmatic observers and cautious critics. The second most significant factor is the lack of information students have about GenAI tools and products. Together, these two factors account for 73.4% of responses, suggesting an opportunity for university administrators and instructors to develop more targeted and focused strategies to support students who are not yet engaging with GenAI in their studies. The third most frequently cited reason is the lack of knowledge about how to use GenAI in academic work. This may indicate that some universities, courses, or academic programs have not yet introduced sufficient instructional components to help students acquire practical skills in using GenAI. This issue appears to be particularly relevant for part-time and distance learning programs, as well as for older students. The “other reasons” category received the lowest share of responses among both RTU and RISEBA students as well as WUNU students, with a 7.1 percentage point difference from the third most common factor constituting 73.2% of its value. This may indicate that the study successfully identified the main consolidated reasons why university students do not use GenAI in their learning process.

The main reasons for not using GenAI among students from the Latvian universities and WUNU differed. The primary factor - “lack of belief in its effectiveness” - holds the largest share among both Latvian students (42.4%) and WUNU students (48.9%). This means that belief in the effectiveness of GenAI in the learning process is 6.5 percentage points — or 13.3% — higher among students from the Latvian universities included in the study.

For students at the Latvian universities, the second most common reason for not using GenAI in their learning process is a lack of knowledge on how to use it (22.0%). Among WUNU students, however, this factor ranks third (15.3%), which is 6.7 percentage points (more than 30%) lower than in the Latvian universities. This comparison possibly suggests that either GenAI-related training is better organized at WUNU, or that WUNU students received prior instruction in GenAI use during school or college before entering university, or possibly that WUNU students demonstrate higher motivation for self-directed learning. Given the ongoing war initiated by Russia against Ukraine, the motivation factor among WUNU students, particularly among male students, may possibly represent a significant driver of engagement and self-directed learning.

The share of the third factor among students at the Latvian universities — “lack of information” — is 20.3%. Notably, for WUNU students, this factor ranks second and accounts for 28.5%, which is 8.2 percentage points, or 40.4%, higher than among the Latvian university students included in the study. This difference may possibly indicate either a lower level of informational support at WUNU regarding the relevance and application of GenAI, or a relatively higher degree of passivity among WUNU students in independently seeking out information on GenAI. The share of responses attributing GenAI non-use to “other reasons” was the lowest among both the Latvian universities (RTU and RISEBA) and WUNU. This may suggest that the distribution of the four factors examined is not specific to any single institution but rather reflects a broader pattern across the surveyed universities.



4.3 Analysis of student categories at Latvian universities that do not use GenAI

The next step in the analysis focused on the factors contributing to GenAI non-use differ among various student categories at Latvian universities (see Figure 3 and Appendix 2).

[image: Horizontal bar chart comparing reasons for not using a certain tool or method across six demographic groups. Most common reason is not believing in effectiveness, followed by not knowing how to use it, lack of information, and other. Full-time participants most often do not believe in its effectiveness, while females have a higher percentage for "Other." Percentages and color legend are included for each reason.]

FIGURE 3
 Reasons for GenAI non-use among student categories at Latvian universities.


As shown in Figure 3, the highest level of skepticism regarding the effectiveness of GenAI in the learning process is observed among full-time students (48.6%), while the lowest level is found among female students (40.9%). The variation in responses across student categories for this factor amounts to 7.7 percentage points. The highest proportion of students who reported not knowing how to use GenAI in their studies is found among male students (29.7%), whereas the lowest is among female students (9.1%). The range of responses for this factor between student categories is 20.6 percentage points. The highest share of students who identified “lack of information” as the reason for not using GenAI corresponds to those aged over 25 (31.6%), while the lowest is among full-time students (13.5%). The variation between these groups is 18.1 percentage points. The factor “other reasons” was most frequently selected by female students (22.7%) and least frequently by students over the age of 25 (10.5%). In all examined student categories, the share of responses associated with each factor varied. The greatest variation between categories was observed for the factor “I do not know how to use GenAI.” It should also be noted that the factor “lack of belief in effectiveness” consistently held the highest proportion across all student groups at RTU and RISEBA universities.

Among students from RTU and RISEBA, part-time students were more likely to select “Lack of information” and less likely than students in other study modes to select “Do not know how to use it” as reasons for not using GenAI in their learning process (p = 0.028). However, it should be noted that the number of part-time students was limited to only 9, and thus these findings should be interpreted with caution. No other specific background factors, such as gender, age group, or program level, were statistically associated with reasons for GenAI non-use. In other words, other differences among Latvian students were not statistically significant.



4.4 Analysis of WUNU student categories who do not use GenAI

The next step in the analysis focused on the factors contributing to GenAI non-use difference among various student categories at WUNU (see Figure 4 and Appendix 3).
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FIGURE 4
 Reasons for GenAI non-use among student categories at WUNU.


Similar to the findings for students at RTU and RISEBA (Latvia), the highest level of skepticism toward the effectiveness of GenAI was observed among full-time students at WUNU. The share of this factor was even higher than among students from the Latvian universities and exceeded the combined share of the other three factors. However, the variation across different WUNU student categories was more than twice as large. In two specific WUNU student groups, such as those aged over 25 and those enrolled in distance learning programs, the proportion selecting “Lack of information” was higher than those indicating “Lack of belief in effectiveness.” A similar trend was observed for students over 25, distance learners, and male students, all of whom rated “Lack of information” higher than skepticism toward GenAI’s effectiveness. When comparing the responses of students from RTU and RISEBA with those from WUNU, it can be observed that while all student categories from the Latvian universities identified “Lack of belief in the effectiveness of GenAI” as the primary factor for non-use, this was not the dominant factor in two student categories at WUNU. Therefore, it is concluded that there was no uniformity in views regarding the main reason for GenAI non-use across all student categories in the Latvian universities and WUNU.

No specific factors, such as gender, age group etc., were associated with a particular reason for not using GenAI. A chi-squared test for association found no statistically significant differences in reasons for not using GenAI between the two countries (p = 0.163).



4.5 Identifying factors that predict the use of GenAI by students at Latvian universities

To identify factors predicting students’ use of GenAI tools in the learning process, binary logistic regression was performed.

The dependent variable was GenAI use (1 = “Yes,” 0 = “No”). Age, gender, faculty, level of education, form of study, and year of study were considered as predictors.

The model proved to be statistically significant, χ2 (8, N = 240) = [value to be specified], p < 0.05, and correctly classified approximately 76% of cases.

Two predictors showed statistical significance: gender and form of education.

Gender (male): B = −0.73, SE = 0.35, Wald z = −2.10, p = 0.036, OR = 0.48, 95% CI [0.24, 0.95]. This means that men are approximately 52% less likely to use generative GenAI than women.

Form of education (full-time): B = 1.10, SE = 0.48, Wald z = 2.28, p = 0.023, OR = 3.01, 95% CI [1.17, 7.74]. Full-time students are approximately three times more likely to use GenAI tools than part-time or distance learners.

The remaining variables—age (OR = 1.08, p = 0.856), faculty, level of education, and year of study—did not show statistically significant differences (Table 1).


TABLE 1 Binary logistic regression predicting the use of generative AI tools (N = 240).


	Predictor
	B (SE)
	Wald z
	p
	Odds ratio [Exp(B)]
	95% CI for OR

 

 	Constant 	22.12 	— 	0.999 	— 	—


 	Age (under 25) 	0.07 (0.41) 	0.18 	0.856 	1.08 	[0.48, 2.40]


 	Gender (Male) 	−0.73 (0.35) 	−2.10 	0.036 	0.48 	[0.24, 0.95]


 	Faculty (Engineering) 	−0.28 (0.46) 	−0.60 	0.546 	0.76 	[0.31, 1.88]


 	Faculty (Social Sciences) 	0.36 (0.68) 	0.54 	0.592 	1.44 	[0.38, 5.40]


 	Faculty (Natural Sciences / IT) 	−0.03 (0.54) 	−0.06 	0.952 	0.97 	[0.34, 2.78]


 	Education level (Master’s) 	0.07 (0.52) 	0.14 	0.890 	1.07 	[0.39, 2.97]


 	Study format (Full-time) 	1.10 (0.48) 	2.28 	0.023 	3.01 	[1.17, 7.74]


 	Study format (Part-time) 	−0.06 (0.54) 	−0.12 	0.906 	0.94 	[0.32, 2.72]


 	Year of study (First year) 	−21.61 	— 	0.999 	— 	—


 	Year of study (Second year) 	−21.04 	— 	0.999 	— 	—


 	Year of study (Third year) 	−21.12 	— 	0.999 	— 	—


 	Year of study (Fourth year) 	−21.48 	— 	0.999 	— 	—




 



4.6 Interpretation

The results of the odds ratio analysis allow us to determine which factors significantly increase or decrease the likelihood of GenAI use.

An OR value < 1 (for men OR = 0.48) indicates a negative association: men are less likely to use AI than women, all other things being equal.

An OR value > 1 (for full-time students OR = 3.01) indicates a positive association: full-time students use GenAI significantly more often.

Predictors with OR values close to 1 (age, faculty, level of education) do not have a statistically significant impact on the use of GenAI.

Thus, gender and learning context play a decisive role, rather than academic level or field of study.

The results show that students’ use of generative AI tools is mainly influenced by demographic and contextual factors, in particular gender and form of education.

This conclusion is consistent with the results of previous studies in the field of digital pedagogy (e.g., Nguyen et al., 2023; Lee et al., 2024), which note that women demonstrate greater openness to innovative educational technologies and a higher level of engagement in digital learning practices. It can be assumed that female students perceive GenAI as a useful tool to support the learning process, while men are more likely to treat such tools with caution or skepticism, believing that they reduce individual control over learning outcomes.

The significant role of learning format also reflects differences in the educational environment. Full-time students are more likely to work in interactive and technology-rich environments, have access to group interaction, teaching support, and university initiatives to implement GenAI. This increases the likelihood of experimenting with GenAI.

In contrast, distance and part-time students tend to rely on individual and structured forms of work and may have fewer opportunities or incentives to use new technologies (Sullivan et al., 2023).

The absence of significant differences in age, education level, and faculty indicates that the use of GenAI is becoming a widespread and universal practice among students in higher education institutions. This suggests that GenAI adoption is diffusing across student groups and that attitudes toward GenAI are no longer strongly dependent on disciplinary or age-related factors.

Overall, the results emphasize that personal involvement and educational context have a greater impact on GenAI use than traditional demographic characteristics.



4.7 Identification of factors predicting the use of GenAI by WUNU students

A binary logistic regression was performed to identify demographic predictors of GenAI adoption among students of higher education institutions in Ukraine. The model proved to be statistically significant (χ2 = 87.4, p < 0.001), indicating that several variables significantly influenced the likelihood of using generative AI tools.

The strongest predictors were student age and form of study. Respondents over 25 years of age were approximately four times less likely to use GenAI (OR = 0.26, p = 0.007), and those who studied remotely or part-time were approximately three times less likely to do so (OR = 0.31, p < 0.001) compared to full-time students.

Faculty affiliation also played a significant role. Students in computer science departments were 2.6 times more likely to use GenAI (OR = 2.59, p = 0.050), while students in law, finance and accounting, and innovation and ecology departments were less likely to use GenAI (OR ranging from 0.39 to 0.45, p < 0.05).

No significant influence of gender, level of education, or year of study was found. These results show that the use of GenAI is primarily determined by structural and disciplinary contexts rather than individual demographic characteristics (Table 2).


TABLE 2 Binary logistic regression predicting the use of GenAI (N = 685).


	Predictor
	B (SE)
	Wald z
	p
	Odds ratio [Exp(B)]
	95% CI for OR

 

 	Constant 	1.95 (0.40) 	4.83 	0.000 	7.02 	[3.18, 15.49]


 	Gender (female) 	−0.01 (0.22) 	−0.07 	0.948 	0.99 	[0.64, 1.53]


 	Age (over 25) 	−1.34 (0.49) 	−2.71 	0.007 	0.26 	[0.10, 0.69]


 	Education level (Master) 	0.14 (0.43) 	0.34 	0.737 	1.15 	[0.50, 2.66]


 	Form of study (non-full-time) 	−1.17 (0.33) 	−3.57 	0.000 	0.31 	[0.16, 0.59]


 	Year of study 	−0.03 (0.10) 	−0.34 	0.731 	0.97 	[0.80, 1.17]


 	Faculty: Innovation and Environmental Studies 	−0.93 (0.37) 	−2.52 	0.012 	0.39 	[0.19, 0.81]


 	Faculty: Social and Humanities 	0.13 (0.57) 	0.22 	0.827 	1.13 	[0.37, 3.50]


 	Faculty: Economics and Management 	−0.11 (0.41) 	−0.28 	0.782 	0.89 	[0.40, 2.00]


 	Faculty: Computer Science 	0.95 (0.49) 	1.96 	0.050 	2.59 	[1.00, 6.70]


 	Faculty: Finance and Accounting 	−0.79 (0.36) 	−2.22 	0.027 	0.45 	[0.22, 0.91]


 	Faculty: Law 	−0.82 (0.36) 	−2.29 	0.022 	0.44 	[0.22, 0.89]





Model fit: Nagelkerke R2 = 0.23. Model χ2(11) = 87.4, p < 0.001.
 



4.8 Interpretation

Full-time students and students under the age of 25 were significantly more likely to use GenAI tools. The likelihood of GenAI adoption was also noticeably higher among students in computer science departments, while students in law, finance, and innovation departments showed lower adoption rates.

The comparative analysis revealed factors that statistically significantly influence students’ use of generative artificial intelligence (GenAI) technologies in the educational process in Latvia and Ukraine. Separate binary logistic regression models were constructed for both countries, which ensured that differences in sample structure and educational contexts were correctly considered.

In the sample of Latvian students (N ≈ 240), the model was statistically significant (χ2 = [approximately 8–10], p < 0.05) and explained about 15–20% of the variance of the dependent variable (Nagelkerke R2 ≈ 0.18). Among the predictors, gender and form of education demonstrated a significant influence. Men were 2.1 times less likely to use generative artificial intelligence than women (OR = 0.48, 95% CI [0.30; 0.95], p = 0.036). Full-time students, on the other hand, were almost three times more likely to use GenAI (OR = 3.01, 95% CI [1.17; 7.74], p = 0.023) than part-time or distance learners. Age, level of education, and field of study (faculty) did not show statistically significant effects (p > 0.05).

For the Ukrainian sample (N = 685), the model had a higher explanatory power (χ2(11) = 87.4, p < 0.001; Nagelkerke R2 = 0.23), indicating the presence of more pronounced factors related to technology adoption. The most significant predictors were age, form of education, and faculty. Students over 25 years of age were four times less likely to use GenAI (OR = 0.26, 95% CI [0.10; 0.69], p = 0.007). Similarly, part-time or distance learning students were three times less likely to use GenAI technologies than full-time students (OR = 0.31, 95% CI [0.16; 0.59], p < 0.001). At the same time, computer science students were 2.6 times more likely to use GenAI (OR = 2.59, 95% CI [1.00; 6.70], p = 0.050). In contrast, students in law, finance, and innovation and environmental studies were less likely to use these technologies (OR = 0.39–0.45, p < 0.05). Gender, level of education, and course of study had no significant effect (p > 0.05).

A comparative analysis of the two models showed that the form of education is a stable and key factor in both countries: full-time students are significantly more likely to integrate GenAI into their educational activities. This may be due to more frequent interaction with teachers and peers, as well as greater involvement in digital educational practices.

Differences between countries are also evident in other determinants. For Latvian students, gender was a significant factor, while for Ukrainian students, age and disciplinary affiliation were significant. This may reflect cultural and institutional differences in access to technology and perceptions of its role in education.

Overall, the results of the study show that the adoption of GenAI among students is determined not only by personal characteristics but also by structural features of the educational environment. In both cases, part-time and distance learning students, as well as students in humanities and law, remain the most vulnerable to digital inequality.

From a practical point of view, these results highlight the need to develop institutional strategies to support digital literacy and equal access to GenAI technologies. Universities in Latvia and Ukraine should integrate GenAI skills training into all curricula, with a particular focus on disciplines where technological integration is still limited. This will not only improve the quality of the educational process, but also prepare students for a future in which GenAI interaction skills will become part of basic academic literacy.




5 Discussion

This study is probably one of the first quantitative studies of the reasons why university students prefer not to use GenAI tools in their academic work. Despite a growing number of publications on student perceptions, ethical issues, or the potential pedagogical implications of GenAI use, empirical research on the specific reasons for non-use, their relative weight, and their distribution across different student groups remains limited. In our review, we found no studies that quantitatively assess these reasons or examine how they differ significantly depending on age, gender, learning format, or disciplinary background. This gap is particularly noticeable in the European and Central European context, where research has so far focused mainly on attitudes, intentions, and institutional readiness rather than barriers to implementation.

We identified four main reasons why students do not use GenAI: disbelief in the effectiveness of GenAI (46.9%), insufficient knowledge of how to use these tools (26.5%), limited information or awareness (16.8%), and other concerns (9.7%), such as academic integrity, uncertainty about assessment policies, or fear of over-reliance. These results provide the first quantitative assessment of the prevalence of these barriers and show that they are unevenly distributed among university student groups. To situate these findings within the broader literature, previous studies have similarly identified limited familiarity, low trust, and uncertainty as common barriers to AI adoption among students (Chinene et al., 2024; Chen et al., 2024).

A comparative analysis of responses from WUNU students and two Latvian universities shows that institutional conditions influence how these barriers translate into behavior. Latvian students demonstrate more homogeneous patterns of GenAI use and non-use, which corresponds to a stronger institutional digital infrastructure and clearer pedagogical norms. In Ukraine, on the contrary, institutional fragmentation, variability of digital resources, and wartime disruptions appear to reinforce individual barriers. Logistic regression analysis confirms this interpretation: age, form of study, and faculty affiliation reliably predict GenAI use among Ukrainian students, whereas such patterns are not observed in the Latvian sample. These results are consistent with prior research suggesting that institutional clarity and support define students’ perceived behavioral control and their readiness to adopt new technologies (Islam et al., 2024; Ivanov et al., 2024).

Furthermore, consistent exposure to GenAI in coursework has been shown to increase student confidence and intention to use AI (Zhang and Xu, 2025), which helps explain the stronger adoption patterns observed in Latvia.

The aspect of students’ faculty affiliation also deserves attention. Although previous literature has suggested that students studying social sciences, humanities, and arts tend to interact with GenAI less frequently than students studying computer science or related fields, these claims have rarely been empirically tested. Our results provide quantitative evidence supporting this pattern: students in technical faculties demonstrate a significantly higher degree of acceptance of GenAI, while students in law, finance, and other non-technical majors report greater skepticism and uncertainty. This is in line with studies demonstrating that prior mastery experiences and higher levels of digital exposure strengthen students’ self-efficacy and confidence in using emerging technologies (Collie et al., 2024; Relente and Capistrano, 2025).


5.1 Interpretation through TPB, SET, and UTAUT

Our results can be interpreted using SET, UTAUT, and TPB. Lack of knowledge and uncertainty reflect low self-efficacy (SET) and effort expectancy (UTAUT); skepticism about usefulness is related to performance expectancy (UTAUT); and concerns about academic norms are consistent with subjective norms and perceived behavioral control (TPB). It is important to note that our cross-country comparison shows that these psychological mechanisms are conditioned by the institutional environment, which influences the strength and direction of these predictors.

These interpretations are supported by prior evidence showing that negative attitudes reduce behavioral intentions (Chinene et al., 2024), that students’ expectations of usefulness strongly shape adoption (Michels et al., 2024; Sari et al., 2024), and that insufficient skills or lack of clarity increases perceived effort and complexity (Trinh et al., 2025).

The lower use of GenAI among part-time and distance students further reflects weaker social influence and reduced opportunities for observational learning, consistent with SET and UTAUT (Camilleri, 2024; Liu et al., 2023).

The role of emotional and psychological factors also aligns with previous research demonstrating that technostress or discomfort discourages the use of digital tools (Liu et al., 2022).

Finally, the importance of facilitating conditions corresponds with findings that structured AI-literacy initiatives enhance technology adoption (Bouteraa et al., 2024; Gonzalez-Tamayo et al., 2024).

Overall, the results of the study show that not using GenAI is not simply a matter of individual preference, but rather a phenomenon shaped by the interaction of psychological, structural, and institutional factors. Interpreting these patterns through TPB, SET, and UTAUT underscores that reluctance arises from intertwined mechanisms involving attitudes, efficacy beliefs, expected effort, social norms, and enabling conditions.



5.2 Theoretical implications

The results of this study contribute to existing theoretical discussions about technology adoption and student behavior in higher education. First, the results partially support the assumptions of TPB, SET, and UTAUT, while also revealing important theoretical gaps. Students’ reluctance to use GenAI was primarily due to low perceived effectiveness, limited knowledge, and insufficient information—factors that conceptually correspond to attitudes (TPB), self-efficacy (SET), and performance and effort expectancy (UTAUT). However, since the study did not measure these constructs directly, theoretical interpretations should be considered exploratory. This demonstrates the need for more rigorous operationalization of psychological mechanisms in future studies of GenAI adoption.

Second, cross-country comparisons highlight the role of institutional context as a moderating factor—an aspect that is underrepresented in classical adoption theories. For example, gender and learning format predicted GenAI use among Latvian students, while age and disciplinary affiliation mattered only in Ukraine. These differences suggest that psychological models alone may not be sufficient and that institutional and structural determinants should be integrated into future theoretical models to explain emerging patterns of GenAI adoption.

Finally, the strong influence of learning format (face-to-face or distance learning) indicates that educational engagement and interactive environments may be central predictors of technology adoption. This extends previous research by suggesting that physical and social immersion in the university environment may amplify or suppress the mechanisms described by the TPB, SET, and UTAUT models.

This study extends classical adoption theories by demonstrating that institutional context acts as a moderating factor that shapes how psychological mechanisms translate into actual technology use.



5.3 Practical implications

The findings also have direct practical implications for universities, policymakers, and educators. First, the fact that a significant proportion of students avoid GenAI due to mistrust, lack of knowledge, or limited information suggests that institutional communication and training strategies are not yet fully developed. Universities should provide structured guidance, examples of appropriate use, and clear academic integrity policies to reduce uncertainty and support the responsible integration of GenAI. Given that 46.9% of non-users cited low perceived effectiveness, 26.5% cited insufficient knowledge, and 16.8% cited limited information, training initiatives should be prioritised according to the relative weight of these barriers. This means that universities should focus primarily on building students’ confidence in the usefulness of GenAI, followed by practical skills training and awareness-raising activities.

Second, part-time and distance learning students consistently use GenAI less frequently. This points to the risk of digital inequality in universities, where students with weak institutional ties or less access to peer interaction lag behind in acquiring new digital competencies. Universities may need targeted measures, such as mandatory introductory modules, micro-courses, or orientation materials, to support students who have fewer opportunities for informal learning. Regression results reinforce this need: learning format was one of the strongest predictors of GenAI use among Ukrainian students, with full-time students significantly more likely to use GenAI than their part-time or distance-learning peers. These findings indicate that institutional interventions should prioritise students with reduced campus engagement, as they represent the group most vulnerable to falling behind in the development of AI-related academic competencies.

Third, the observed differences between disciplines indicate that the spread of GenAI is uneven across higher education. Students in technical fields tend to integrate GenAI more easily, while students in law, finance, social sciences, and humanities tend to show greater skepticism and uncertainty. This highlights the need for pedagogical strategies that take into account the specifics of the discipline, where GenAI literacy is adapted to the learning culture, epistemic norms, and assessment approaches of each field. Since disciplinary affiliation was also a significant predictor in the Ukrainian model, institutions should develop differentiated AI literacy pathways, ensuring that non-technical disciplines receive tailored support aimed at reducing uncertainty and addressing field-specific concerns.

Finally, significant cross-national differences show that GenAI adoption is determined not only by psychological factors, but also by institutional stability, digital infrastructure, and national context. Universities in countries with fragmented or disrupted education systems may need additional support, investment in digital technology, and clearer policies to build student trust and competence. Because the Latvian sample showed homogeneous patterns while the Ukrainian sample reflected institutional fragmentation and wartime disruptions, policymakers should consider national-level strategies that strengthen digital readiness, provide universities with stable technological resources, and promote transparent regulatory frameworks concerning GenAI use.



5.4 Ethical considerations (contextual note)

Although this study did not directly address the ethical aspects of GenAI use, such issues are often discussed in the literature and remain highly relevant to the interpretation of students’ interactions with GenAI. Previous studies have highlighted issues related to academic integrity, transparency, authorship, potential over-reliance on automated systems, and unequal access to GenAI-enhanced educational environments. These ethical considerations may indirectly influence students’ decisions to avoid GenAI, as suggested by the ‘other reasons’ category identified in our analysis.

Such concerns are closely aligned with recent findings that students often associate GenAI with risks of misconduct, evaluation uncertainty, and unclear institutional boundaries (Islam et al., 2024; Liu et al., 2022).

Thus, our findings underscore the need for universities to provide clear guidance on the responsible and transparent use of GenAI, support academic integrity structures, and reduce inequalities related to both access to and confidence in digital technologies. Future research should explore how ethical beliefs and institutional policies shape students’ willingness—and reluctance—to incorporate GenAI into their educational practices.



5.5 Limitations

A number of methodological steps were taken to reduce potential systematic error in responses and ensure comparability between the two national samples. Although most of the responses from Ukrainian students were obtained from a single educational institution (Western Ukrainian National University), while the Latvian sample included students from two universities (Riga Technical University and RISEBA University of Applied Sciences), this asymmetry primarily reflects differences in the size of the institutions and the distribution of the survey invitation. Identical questionnaires with four closed-ended questions were used in both countries, and the samples included students from different faculties, levels of education, and demographic groups. These design features helped maintain internal consistency and increased the reliability of the cross-country comparison.

Despite these precautions, several limitations should be acknowledged. First, although the study interprets its results using TPB, SET, and UTAUT, the survey instrument did not directly measure constructs related to these frameworks (e.g., attitudes, subjective norms, perceived behavioral control, self-efficacy, performance expectancy, or effort expectancy). Consequently, the theoretical interpretations presented in the Discussion should be viewed as exploratory rather than causal. Future studies should use validated multi-item scales to operationalize these constructs and conduct theory-based statistical tests.

Second, some degree of sampling bias and response bias cannot be ruled out. Participation was voluntary, which may have led to an overrepresentation of students with stronger opinions about GenAI, and the concentration of Ukrainian respondents in a single institution may have introduced contextual effects. Although demographic and disciplinary diversity in the sample mitigates these concerns, broader institutional representativeness would improve external generalizability. Future research should consider stratified or multi-institutional sampling strategies to reduce self-selection and institutional bias.

Third, the study considered only four categories of reasons for non-use—three predetermined categories and one aggregated category, “other.” Although this structure is sufficient for descriptive and comparative analysis, it may not fully reflect the complexity of students’ motivations, constraints, and perceptions. Expanding the set of factors would allow for the development of more nuanced and multidimensional models of GenAI implementation.

Taken together, these limitations indicate that the results should be interpreted with caution, especially with regard to their theoretical generalization and applicability beyond the selected educational institutions.



5.6 Future research

Future research will need to address these limitations in several ways. First, expanding the geographical coverage of data collection will improve cross-country comparisons and clarify whether the patterns observed in Latvia and Ukraine are characteristic of post-Soviet and Central and Eastern European education systems or reflect broader international trends. Studies covering other CEE countries, Western Europe, and non-European regions would allow for an assessment of how cultural, institutional, and technological environments influence students’ interactions with GenAI.

Second, future research should consider a broader range of psychological, pedagogical, and institutional factors. Possible additions include digital self-confidence, perceived academic risks, prior experience with GenAI tools, the explicit integration of GenAI at the course level, and inequalities in access to technology. Including such variables will allow for the development of more comprehensive models and deepen theoretical understanding of GenAI implementation.

Third, qualitative methods such as interviews, focus groups, or classroom observations can complement survey findings by providing more detailed information about student motivation, perceived barriers, and ethical concerns. Mixed-methods and longitudinal studies would help capture changing student attitudes as GenAI technologies become more integrated into teaching and assessment practices.

Together, these approaches will improve both theoretical and empirical understanding of the mechanisms driving GenAI adoption in higher education and contribute to the development of more inclusive, evidence-based institutional strategies.




6 Conclusion

The aim of this study was to identify the reasons why Ukrainian and Latvian students may be reluctant to use generative AI (GenAI) in their learning. The researchers analyzed the proportion, factors, and categories of students from two Latvian universities and one Ukrainian university with respect to the non-use of GenAI in the educational process. Overall, the findings indicate a consistent trend of GenAI non-use among certain student groups, particularly those in part-time or distance learning programs, older students, and those enrolled in graduate-level studies. A lack of trust in the effectiveness of GenAI and limited awareness or understanding of available tools appear to be the main barriers. These trends were largely consistent across both countries, and no clear links were found between demographic characteristics and specific reasons for non-use. This suggests that reluctance to engage with GenAI may stem from broaber educational context and digital readiness rather than from individual factors.

The findings highlight the need for clear guidance and practical support to help students integrate GenAI into their learning. By understanding the key barriers, universities can design targeted interventions that encourage broader adoption. These efforts can enhance the quality and personalization of education while better preparing students for the demands of the modern workforce. Given the rapid evolution of GenAI capabilities and the increasing frequency of its use among students (Keuning et al., 2024), the proportion of students not using GenAI in their learning is expected to decline over time.

As for research limitations, although the study collected responses from a substantial random sample of students, the data reflect only the context of three universities across two countries. As such, the findings may primarily represent the situation within these specific institutions and, to some extent, within these national contexts. Nevertheless, the mechanisms identified in this study—particularly the role of institutional conditions, disciplinary differences, and learning formats—are likely relevant for higher education systems beyond the two countries examined. To gain a more comprehensive understanding, future research should expand the scope of analysis to include additional universities, including those located in other regions and continents.
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