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The use of AI-powered educational technologies (AI-EdTech) offers a range of advantages 
to students, instructors, and educational institutions. While much has been achieved, 
several challenges in managing the data underpinning AI-EdTech are limiting progress in 
the field. This paper outlines some of these challenges and argues that data management 
research has the potential to provide solutions that can enable responsible and effective 
learner-supporting, teacher-supporting, and institution-supporting AI-EdTech. Our hope is 
to establish a common ground for collaboration and to foster partnerships among 
educational experts, AI developers and data management researchers in order to respond 
effectively to the rapidly evolving global educational landscape and drive the development 
of AI-EdTech. 
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Introduction 

The rise of AI technology and the growing volume and complexity of student data has enabled AI 

in education (AIED) and AI-powered educational technologies (AI-EdTech) to play an instrumental 

role in improving the design and delivery of education. For students, AI-EdTech can provide a 

tailored learning experience, adapting to their specific strengths and weaknesses (Becker, 2017; 

Fadel et al., 2019; Miao et al., 2021; Sapci & Sapci, 2020). For instructors, AI-EdTech can act as 

a ubiquitous teaching assistant, helping them in orchestrating the classroom, grading 

assessments, and answering student inquiries (Martinez-Maldonado, 2016; Swiecki et al., 2022; 

Yang & Zhu, 2022). Additionally, educational institutions can utilise AI-EdTech for student 

admission, and to identify and support students who are at risk of dropping out or who are 

struggling in their courses (Rastrollo-Guerrero et al., 2020; Shabaninejad et al., 2022). 

The absence of a common data infrastructure, alongside data collection, modelling and access 

challenges, has led to most existing AI-EdTech operating in silos, lacking access to 

comprehensive data that captures the entirety and diversity of learning experiences. Often, 

learners do not have access to, or are unaware of, the data captured about them and how it is 

being used to inform decisions about their learning. Instructors face limitations in their ability to 
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gain insights into student learning, implement effective pedagogical interventions, and evaluate 

the impact of their approaches or use of AI-EdTech on student learning. Lastly, educational 

institutions face challenges in ethically integrating multi-sourced data from different tools to infer 

students’ learning experiences and to provide students and educators with the necessary data 

literacy skills to understand and act on the data. 

In this paper, we first analyse the underlying data needs of AIED, followed by an overview of 

representative AI-EdTech applications designed to support learners, teachers, and institutions. 

We then outline the main challenges and research opportunities for an AI-EdTech data 

infrastructure. In the remainder of the paper, we discuss the current challenges and aspirations 

in developing AI-EdTech to support learners, teachers, and institutions respectively and probe 

opportunities to address them by leveraging state-of-the-art research in data management. 

Overview of AIED research 

The data behind AI-EdTech is described in Figure 1 and represents learners and learning 

artefacts. In the following sections, we elaborate on each element of the overview. 

Data and infrastructure 

Under “Data and Infrastructure”, “Student and curriculum records” capture individual learners’ 

records such as their demographics which are usually provided by learners at registration time as 

well as information on learning material, such as artefacts, and assessment and outcome 

requirements. “Learning records” capture data on learners’ achievements, such as grades and 

assessment outcomes. Finally, “Learning logs” record learners’ engagement with artefacts, 

feedback to learners, and collaboration among learners. 

A data infrastructure for education must be designed to meet the needs of various applications. 

Some applications are data generators and require large-scale storage and processing of learning 

logs; some require real-time access to data and must rely on efficient indexing techniques; some 

need to provide powerful primitives such as roll-ups and drill-downs; others need to infer data 

about learners. This calls for defining a data model to formalise, collect and infer data about 

learners in a scalable and privacy-preserving manner. “Data modelling” must capture the variety 

of data needed in AI-EdTech, as well as the machine learning (ML) models used to infer them. 

The data model must represent individual and collective factors from diverse learners: e.g., 

different demographics and skills (Rahman et al., 2015), intrinsic and extrinsic motivation 

(Hackman & Oldham, 1976; Kaufmann et al., 2011; Pilourdault et al., 2017; Pilourdault et al., 

2018; Posch et al., 2019), fatigue (Hata et al., 2017), team affinity and critical mass (Cao et al., 

2020; Roy et al., 2015).  

We note that “data collection” would require significant human effort, especially when collecting 

learners’ cognitive and emotional states, and the use of various tools to capture physiological 

and neurophysiological measurements (Darvishi et al., 2022). This can be addressed with two 

unconventional innovations: blending implicit data collection through observing students in situ 

and computing individual and collective factors (Amer-Yahia & Roy, 2016), and explicit data 

collection following established practices in Cognitive Psychology such as the Myers–Briggs Type 

Indicator questionnaire, an introspective self-report indicating psychological preferences on how 

people perceive the world and make decisions (Briggs, 1976). This data can be used by sampling 

strategies and active learning to train ML models that infer diverse and representative data. In 

addition, facilitating access to this data is necessary and hence “data access” primitives must be 
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devised to enable privacy-preserving, efficient and responsible access to information regarding 

individuals or cohorts. 

Figure 1: Overview of AIED research, focusing on the examination of underlying data, applications, 
challenges, and opportunities in data management. 

 

Learner-supporting AI-EdTech 

The use of learner-supporting AI is fast becoming popular in mainstream education (Becker, 

2017; Fadel et al., 2019; Miao et al., 2021; Sapci & Sapci, 2020) where AI-EdTech is used to 

automate some aspects of educators’ support to help students better regulate their learning, and 

receive various forms of guidance and feedback on their work. Of notable mention is the use of 

learner models and profiles that represent a student’s competencies and knowledge gaps based 

on their performance and interactions with the educational system (Abdi et al., 2020; Abdi et al., 

2021; Bull, 2020). Learner models and profiles enable students to discover their learning 

preferences, identify areas for improvement, set learning objectives, and initiate discussions on 

areas they require assistance (Barthakur et al., 2023). Perhaps the most well-studied class of 

learner-supporting AI-EdTech are adaptive learning systems (VanLehn, 2011) that leverage 
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learner models to provide an efficient, effective and customised learning experience for students 

by capturing data on students’ competencies and interaction with various learning activities, and 

dynamically adapting learning content to suit their individual abilities or preferences.  

The development of learner-supporting AI-EdTech must be accompanied with guarantees to 

learners on “data custodianship” to provide them with control over their data and how it is used to 

enhance their learning. This can be achieved with the use of privacy-preserving Federated 

Learning wand cryptographic schemes to train ML models while keeping individual data locally. 

The key innovative idea is to extend the relational algebra with ML operations (Luo et al., 2020), 

in particular with Federated Learning. Under the orchestration of a central server, data owners 

can participate in reward computation without revealing their raw data. This will rely on secure 

multi-party computations and cryptographic schemes under the honest-but-curious threat model 

(Marcadet et al., 2022). 

Learner-supporting AI-EdTech must also provide “fair decisions and recommendations” 

(Kizilcec & Lee, 2020) that are understandable to students (Khosravi et al., 2022) (e.g., “You are 

given practice item A because you encountered challenges in completing practice item B, which 

likewise evaluated your proficiency in skill C.”). This approach aids learners to comprehend the 

reasoning behind decisions and recommendations, enabling them to regulate and monitor their 

learning more effectively. A key opportunity here for data management research is to utilise best 

practices from the field of Explainable Artificial Intelligence (XAI) (Gunning et al., 2019), 

complemented by research on long-term fairness in recommendations (Ge et al., 2021) and 

adaptive recommendations that account for evolving user needs over time (Azzalini et al., 2022) 

to produce interpretable and fair-by-design recommendations to enhance student learning. To 

validate recommendations, we need to design an innovative evaluation methodology that 

automates experimental protocols to streamline large-scale studies. Data triangulation has the 

potential to reconcile large-scale results from online labour platforms and smaller-scale results 

from educational platforms. Participants must be provided with a free and voluntary consent form 

that complies with relevant regulations such as General Data Protection Regulation (GDPR). 

While adaptive learning systems mostly focus on individual learning, there has also been a 

focus on AI-EdTech to encourage “collaborative learning” and to enable learners to connect and 

collaborate with their peers who share similar aspirations and interests. The common aspects of 

collaborative learning supported by AI can be categorised into the following: (1) group formation 

or peer recommendation, where studies utilise AI to create effective learning groups; (2) group 

outcomes, where studies utilise AI to gather insights into the outcomes of learners’ joint activities 

and (3) interaction analysis, where studies employ AI to examine the emotional conditions and 

tasks carried out by learners as they collaborate (Tan et al., 2022). In terms of data management 

opportunities promising directions include the use of reciprocal recommender systems that 

consider preferences of multiple learners (Palomares et al., 2021; Potts et al., 2018) in a privacy-

preserving manner, and data modelling techniques that can measure team success, cohesion 

and types of interactions. 

Teacher-supporting AI-EdTech 

Growing attention is being given to the development of AI-EdTech aimed at supporting teachers. 

“Intelligent teaching assistant systems” aim to automate and extend the tasks that are usually 

completed by teaching assistants, such as grading (Yang & Zhu, 2022) and exam proctoring 

(Nigam et al., 2021). They can also be extended to support teachers in class orchestration 
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(Martinez-Maldonado, 2016), assessment (Swiecki et al., 2022), and detecting plagiarism 

(Foltýnek et al., 2019). Advancements in generative AI have also opened opportunities for 

instructors to partner with AI to “create educational content” such as learning objectives, lesson 

plans, learning resources and assessment items (Mhlanga, 2023). In addition, the wide availability 

of virtual and augmented reality technologies has resulted in the implementation of a wide range 

of “immersive learning environments” that are capable of simulating or imitating real and imagined 

worlds in safe and engaging environments. Despite advancements in AI-EdTech, instructors still 

encounter numerous obstacles when teaching, particularly in large classes. The utilisation of 

educational tools and the increasing occurrence of learning across physical and digital spaces 

make it arduous for instructors to obtain “actionable insights” (Jørnø & Gynther, 2018) into 

students’ learning processes and progress to help them with their studies. A related challenge is 

that instructors find it hard to provide forms of guidance or “pedagogical interventions” that cater 

to the diverse academic abilities of learners. Finally, the continuous evolution of teaching tools 

and approaches necessitates conducting “empirical studies” to assess their effectiveness, which 

is often a challenging task. 

Research and findings obtained from database and data management communities can be 

instrumental in resolving these issues. The use of online analytical processing (OLAP) 

techniques, including roll-up and drill-down and smart drill-downs can enable instructors to zoom 

in and out to explore student learning from different points of view (Shabaninejad et al., 2020), 

while applying descriptive, diagnostic, predictive, and prescriptive analytics can further facilitate 

generating actionable insights. The research and discoveries related to personalisation, 

recommender systems (Aggarwal et al., 2016), and nudging methods (Hummel & Maedche, 

2019), alongside theoretical groundings from the learning sciences, can serve as the foundation 

for the creation of tailored pedagogical interventions aimed at supporting and enhancing student 

learning. Finally, to assess teaching tools and methods, data collection, storage, analysis, and 

sharing techniques utilised by the database and data management fields can aid in formulating 

performance metrics and creating scalable and reproducible experiments. 

Institution-supporting AI-EdTech 

In their systematic review of AI applications in higher education, Zawacki-Richter et al. ( 2019) 

noted that almost half (48%) of the included studies explored AI support for administrative and 

institutional services. Primary applications include “admission processes”, such as making 

admission recommendations (Waters & Miikkulainen, 2014) with a focus on fairness and the 

institutions’ reputations (Dennis, 2018; Marcinkowski et al., 2020; Zeide, 2019). There is also 

increasing use of university-wide intelligent “ learning analytics dashboards” (LADs) that aim to 

help students, teachers and institutions understand and make informed decisions about learning 

processes (Khosravi et al., 2021; Matcha et al., 2019). Furthermore, there is a growing emphasis 

on the development of fair, accountable, and transparent “predictive learning analytics” that assist 

educators and administrative staff identify students who may be at risk of dropping out, failing a 

course, or experiencing poor well-being. 

Although AI-EdTech offers advantages, its implementation also presents institutional 

challenges. Generating “data analytics” on student learning processes and experiences requires 

the consumption and integration of a variety of data sources, including student and curriculum 

records, learning logs and records, and data produced by educational tools, often in the face of 

questionable or at least unknown data quality. Further, the “ethics” of AI in education raises a 

variety of complex issues centred on data (e.g., consent and data privacy) and how that data is 
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analysed (e.g., transparency and trust). The computational learner modelling employed by many 

AI-EdTech systems often uses profiles or stereotypes to predict academic performance and 

identify learners for early intervention (Chrysafiadi & Virvou, 2013). However, this approach can 

lead to discrimination in underrepresented populations (Sapiezynski et al., 2017). Inferring learner 

states from indicators or features such as gender, ethnic or cultural background, and socio-

economic status also introduces bias and further widens existing gaps. Finally, to utilise effectively 

and to benefit from AI-EdTech, both students and educators need to possess adequate “data 

literacy” to access, interpret, and use data in educational contexts, which can be challenging to 

address on a large scale. Insights obtained from the database and data management 

communities can also play a key role in addressing these challenges. Data modelling and ML 

techniques can assist in developing explainable analytics (Shabaninejad et al., 2022), 

visualisations, and learner profiles (Barthakur et al., 2023) for comprehending the learning 

experiences and processes of students. Ethical use of data can be achieved by developing fair-

by-design data access and processing primitives and fairness measures (Holstein & Doroudi, 

2019) that protect minorities from being disadvantaged. Finally, partnering with experts in data 

and learning sciences provides opportunities for developing and delivering training workshops 

and learning modules on data literacy targeted towards students and instructors. 

Conclusion and outlook 

AI has the potential to address some of the biggest challenges in education today, advancing 

teaching and learning practices. In terms of supporting students, AI-powered technologies enable 

adaptive learning, collaborative learning and the development of various learner models and 

profiles that help students regulate and monitor their learning. In terms of supporting teachers 

AI-powered technologies aid teachers as virtual assistants in orchestrating classroom activities, 

facilitating immersive learning experiences, and automating tasks such as grading and 

responding to student queries. They can also help teachers in creating novel educational content 

as well as augmented and virtual learning experiences. At the institutional level, AI-powered 

technologies can help with admission process, generating dashboards, and by identifying 

dropouts and at-risk students. 

While much has been achieved, data management challenges limit AI-EdTech from reaching 

its full potential. These challenges relate to capturing fine-grained data about learners and 

learning processes; including supporting learners’ ability and agency to take ownership of their 

learning; incorporating in-database ML models to infer learners’ data; developing algebraic 

primitives to express AI-EdTech applications; empowering teachers to make sense of student 

learning and have the technical capacity to intervene pedagogically to facilitate and provide 

tailored support; and ensuring that AI-EdTech is deployed with necessary ethical and responsible 

use guardrails. 

We note the central role of data in education, and yet the enormous body of knowledge within 

the data management and data engineering community is largely absent from these discussions. 

In a recent keynote (Amer-Yahia, 2022) and publications (Khosravi et al., 2022; Swiecki et al., 

2022), we flag this as a great opportunity for data management researchers to contribute to the 

development of AI-powered educational technologies by drawing upon their extant and emerging 

knowledge on the challenges outlined above; including large-scale and learning data-specific 

storage models; ability to reason and assess data properties and quality, real-time access and 
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efficient indexing; powerful access primitives; query processing and inference engines; and 

supporting ethical and responsible use of data. 

We thereby call upon educational experts and learning scientists to partner with the data 

management research community to overcome the plethora of data management challenges and 

thereby effectively respond to the changing global educational landscape. 
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